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ABSTRACT

Author: Zahner, Jesse E MS
Institution: Purdue University
Degree Received: December 2017
Title: A Study of Spatial Ability and 3D Modeling Capabilities
Major Professor: Nathan Hartman
The nature of design is that it is always changing, new methods develop that are better or
we learn how we are adapting to new challenges. In accordance with this, the study
shown in this paper introduces a class of students at Purdue University to the Mental
Cutting Test to judge their spatial ability. The students, then tasked with building three
models from isometric views, timed themselves while completing the modeling task and
provided their finished models back. The models were interrogated to attempt to find a
link between spatial ability levels, time taken to do the task, steps taken to complete the
task and unique steps taken to complete the task. The unique steps were calculated by
looking at the specification container inside of CATIA and counting the number of
unique geometrical alterations made to the model. The data was then paired with a
Pearson Correlation to find a sample correlational value, a p-value and 95% confidence
interval. The results show a negative correlation between MCT scores and average
unique steps taken, along with average time taken to finish the modeling task.
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CHAPTER 1: INTRODUCTION

In the world of 3D modeling, especially that of modeling for industry, there is a
lack of conformity when it comes to the making of models. 3D CAD authoring packages
like CATIA, NX, and Solidworks allow us to build visual representations of what was
previously only available on paper. However, this process is not static in any one way,
and these authoring packages allow the user to create their work however it is convenient
to them.
This, often times, does not affect the end result. However, there are circumstances
where companies have preferred modeling techniques or “best modeling practices” that
their employees must follow. These rules are often vague and refer to naming convention,
rather than process, leaving the user to model however they see fit. Every user models
differently and at different levels, yet there has been limited work done on why specific
methods are utilized more often than others, or why specific individuals excel at certain
modeling tasks.
Spatial ability plays a key role in the understanding of models, whether you’re
creating them or interrogating them. Students interested in 3D modeling or spatial
visualization typically receive training that helps guide them toward a better
understanding of their spatial abilities and how to improve the work they do. As of yet,
there have been few studies that look at the spatial ability of students while performing a
modeling task.
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Scope
The focus for this study will be on the spatial ability of the subjects. Specifically,
subjects will be tested for their spatial ability utilizing the Mental Cutting Test (MCT)
and then asked to perform a modeling task consisting of three models of varying
complexity. The modeling task will observe how many unique steps are taken when
creating each model as well as how long it took to finish each model. The study will look
at the difference between high and low spatial ability candidates based on the pool
gathered for the study. All subjects in this analysis will be college students enrolled at
Purdue University. The CAD modeling system in which the modeling task will take place
is CATIA.
Significance
Spatial intelligence is said to be a factor when deciding upon college discipline
and career choice, being that those with high spatial intelligence in middle and high
school are much more likely to choose a study focus in STEM (science, technology,
engineering and mathematics) disciplines or to choose STEM careers (Shae, Lubinski, &
Benbow, 2001).
When building a 3D model the designer has options. Those options can be
thought of as a tree, pathways and other options opening up as you move down certain
branches while simultaneously closing off other paths. To explain this in the context of a
basic shape, creating a cube in a CAD system can be done in many ways. Some could
argue that drawing four lines of the same length is sufficient, followed by an extrusion
(creating 3D geometry from a sketch) of similar length. Others would say that using the
rectangle tool and putting dimensions on all four sides to equalize length and width, then
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extruding by the same height would be better. There are yet still more options, such as
simply using the interface of the CAD tool to create a geometric primitive (the cube),
which simply creates a cube in the measurement system you’re using.
All options generate similar results; however, the inputs vary widely. It is up to
the designer to decide how to create the model. The differences in how models are built
between high and low spatial ability designers has yet to be evaluated, but in this study
will be observed in a modeling task utilizing three models of varying complexity.
Industry has rules for dimensioning, tolerances, materials and other such product
manufacturing information (PMI), yet there are no rules for how the end-model is
reached. This leaves many paths on the tree open, some of which may be more efficient
than others, but all of which end at the final product.
All designers operate at different levels. Some prefer to take things one step at a
time while others are more comfortable with combining steps and taking shortcuts to
finish the model quickly. The amount of experience one has acquired in the field can also
have a large impact on design choice. This study will attempt to target less-experienced
CAD designers with varying spatial ability and ask them to perform modeling tasks that
vary in complexity. The amount of time they take may be reflective of their spatial
ability, just as the amount of unique steps they take may be reflective of their experience.
This study attempts to take this information and find patterns among high, low and
average spatial ability groups in the 3D modeling task. The results will allow other
researchers to start looking into differences in spatial ability among CAD designers and
how their modeling techniques may be affected depending on spatial ability.
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Research Question
Do students with varying spatial ability levels create 3D geometry in CAD
systems differently?
Hypotheses
Null hypothesis A: As MCT scores increase, time to complete the modeling task
will not decrease.
Alternative hypothesis A: As MCT scores increase, time to complete the
modeling task will decrease.
Null hypothesis B: As number of unique steps increase, MCT scores will not
decrease.
Alternative hypothesis B: As number of unique steps increase, MCT scores will
decrease.
Null hypothesis C: As number of steps increase, MCT scores will not decrease.
Alternative hypothesis C: As number of steps increase, MCT scores will decrease.
Assumptions
There are many conditions of this study that are outside control of the researcher,
all of which need to be accounted for to maintain proper control over the integrity of the
information produced. Assumptions about the study, observations and students are as
follows:
•

Students being observed will be part of classes or have taken classes utilizing 3D
CAD modeling, increasing the chances that they are familiar with modeling.
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•

It is assumed that students will act per how they would typically model and that
their behavior will not change to accommodate the study.

•

Since CATIA will be the modeling package of choice, students without much
prior knowledge of the program may have different practices than those with the
preferred experience.

•

It is assumed that students will be honest when reporting their modeling
experience.

•

Students will be able to complete a three-part modeling task.

•

Students will have large variances in spatial ability.
Limitations
Certain limitations exist to keep this observation on track and from straying into

other territory outside of the scope of the study. The limitations will list out exactly what
will be done, as it will be done. Those limitations are as follows:
•

This study will focus on the collection of quantitative data in the form of time to
complete modeling tasks and unique steps taken.

•

Students will be observed in a classroom setting, doing the predetermined tasks
laid out in this study.

•

Students will be asked to perform this study as part of CGT 163.

•

Attempts to make connections between the students’ actions and their spatial
ability will be taken.

•

This study will focus on using the 3D modeling software CATIA to complete the
task presented.
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•

The students observed will be enrolled in programs that teach 3D modeling and
other CAD authoring methods.

•

The students observed will have completed or be enrolled in CGT 163.

•

Only students from Purdue University will be part of the study.
Delimitations
Specific things will not be addressed inside of this study, and certain tasks will

not be performed. These delimitations exist to specify what will not be done, and some
provide gaps that could be filled by future studies or work. They are as follows:
•

Industry standards or regulations on modeling will not be addressed, this study
will purely be focused on personal habits or routine developed through learning or
practice of 3D modeling.

•

The students will not be contacted for purposes of the study once data collection
has concluded.

•

Working memory is a thriving area of study that has a subset known as data
chunking. The steps being observed in CATIA can be thought of in much the
same context, although working memory will not be observed. Future studies or
iterations of this test could focus on working memory to make connections
between number of steps taken and working memory levels.

•

Being able to make decisions is a large part of this study. The literature review
acknowledges, briefly, the research done on decision making, choices and
heuristic evaluation. Although these fields are acknowledged, they are not
investigated as a part of this study.
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•

Understanding how we, as humans, learn is a large field of interest. This study
acknowledges that students learn in different ways, but does not investigate types
of learning.

•

Spatial ability is a key part of this study. Although it is thoroughly explained in
the literature review, there will only be discussion of two portions of spatial
ability. Specifically, spatial relations and spatial visualization ability. Any other
constructs inside of spatial ability will be acknowledged but not addressed.
Definitions of Key Terms
Spatial ability refers to skills in representing, changing, creating and recalling

symbolic, nonlinguistic information. It consists of three different constructs which are
discussed below. Spatial ability has to do with individual abilities in taking in their
surroundings, recognizing shapes and positions of things as they visually see them and
then manipulating these shapes or forms mentally (Höffler, 2010).
Mental rotation is the ability to accurately and quickly rotate two- or threedimensional figures. Spatial perception is an individual’s ability to determine spatial
relationships in respect to their own body despite detracting information. Spatial
visualization is complicated, multi-step manipulations of spatially presented information
(Linn & Petersen, 1985).
Engineering Drawing is defined as “a living engineering document that carries,
controls and maintains the product definition of an item in an explicit form by means of
static graphic and pictorial representations (or a combination of both) on a planar (2D)
information carrier according to international standards and usually to scale” (Quintana,
Rivest, Pellerin, Venne, & Kheddouci, 2010, p. 502-503).
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Position innovation is referred to as “the environment in which the products and
services are introduced” (Kamrani & Nasr, 2013, p. 5).
Product definition is defined here as “the set of product attributes, features or
characteristics that coexists in a specific state of balance in order to meet physical and
functional requirements as well as multidisciplinary constraints” (Quintana et al., 2010, p.
503).
Product innovation is defined as “products and services that an organization
offers” (Kamrani & Nasr, 2013, p. 4).
Process innovation can be observed to be “methods by which products and
services are developed and delivered” (Kamrani & Nasr, 2013, p. 4).
Sketch-based input device, although defined by many things, is defined mainly by
its key characteristics. “The key characteristic of a sketch-based input device is that it
allows freehand input. The standard mouse fits this definition, but input devices that
closely mimic the feel of freehand drawing on paper, such as tablet displays, are better
able to exploit a user's ability to draw” (Olsen, Samavati, Sousa, & Jorge, 2009, p. 87).
Summary
It has been discussed that this study will attempt to gather information in an underdeveloped area of study. The bounds of the study were set to college students who are
enrolled in CAD modeling courses with a history in 3D design or CAD-based modeling.
The study will attempt to find differences between high and low scores on the MCT as
they relate to time taken to complete the modeling task. The next section will discuss the
review of key literature in the formation of this study.
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CHAPTER 2: LITERATURE REVIEW

The literature in this section will identify nine different sections of study that
factor into the final result of understanding if there are differences between students’
abilities to model in CAD software based on their spatial ability. The literature will
identify stepping stones for the study to follow. There will be a summary at the end of the
chapter to conclude the reviewed literature and identify any gaps associated.
Brief History of CAD
Computer-Aided Design (CAD) is a process that enables the use of current
technology to digitalize anything from engineering sketches to entire models. 3D models
contain information that previously was only available on an engineering bill of
materials. This new technology has revolutionized the way that new product and design
engineers do their job, while also providing an innovative way for students to learn the
process of CAD. It is important to know the origins of CAD to be able to understand why
the push for understanding how the process is being innovated exists.
Although computer-aided drafting is advancing rapidly, it is still not common to
see entire companies or industries utilizing it fully. Today it can be seen that even
advanced segments of industry are struggling to use this technology effectively (Adler,
1989; “The History of CAD,” 2004). CAD, when used efficiently, can help the efficiency
of any company by providing many new ways to enter and exit the design phase/revision
phases of a product’s life. More than that, the adoption of CAD promotes a culture of
proper data usage and storage that some companies can struggle with internally.
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Computer-aided drafting is a learned tool that allows the user new capabilities
beyond that of two-dimensional drawings. This can be a problem however, as CAD tools
today function in a way that doesn’t cater to the reality of the part being crafted. It’s
possible to design something from scratch, finish the assembly and see that everything
lines up perfectly. It may all look fantastic on the screen but the reality of the part or
assembly you’ve created is that in some way/shape or form it must be able to be molded
or pressed, cut or bent and then all the parts must be fused or clamped together in a way
that makes sense for the assembly at hand (Adler, 1989; Thilmany, 2006).
As computer-aided drafting continues to evolve it is becoming more intelligent,
better able to predict when things won’t or shouldn’t work and is continually helping
students and professionals alike to correct errors made during the creation of a part or
product. There are many phases that go into the creation of a final product, one of which
being the initial design phase. Even today this design phase rarely takes place directly
inside of the CAD system that the final product will be created in, simply due to a lack of
compatibility and inclusion of proper tools and workspaces. Today it can be seen that in
industry, unless the company has switched to full model-based enterprise (meaning they
only use three-dimensional models to communicate information instead of drawings) then
typically the master document remains the drawing, or a hybrid of the drawing/model
(“The History of CAD,” 2004; Thilmany, 2006; Ullman, Wood, & Craig, 1990).
Even in academia there is a push towards the use of CAD systems and a complete
and thorough understanding of the digital process it encompasses. Drawings and
diagrams, generally seen as the strength of a completed design through multiple inputs,
are being lost and causing students to lose out on the knowledge and understanding of
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complete process control (Ullman et al., 1990). When building a product, it is customary
to think of the product not only as it exists currently, but also how it will be forged, how
it will be used, where it will be used and why. As computer-aided drafting has been
developed, more information can be stored inside of product/part data. This data allows
users to specify materials, volume, complex surface models and other very specific
information that can help when making or using the product (Adler, 1989; “The History
of CAD,” 2004).
Sketchpad can be looked upon as the first push toward CAD software. Created in
1969 by Ivan Sutherland at MIT, “Sketchpad was one of the first computer graphic
systems and was a tool that engineers used to represent their ideas in a digital format. The
software allowed engineers to plot points on x- and y-axes, and to connect those points to
create lines and basic two-dimensional shapes” (Brown, 2009, p. 1). Sketchpad became
popular, the automotive and aerospace industries took the software and began using it as
a first step into the era of CAD.
Brown (2009) discusses how there are three stages to CAD’s functional
capabilities being developed:
First, 2-D wireframing, which is an electronic representation of an object, like
Sketchpad, allowed users to create geographic outlines that had shape but no mass
or volume. Following 2-D wireframing came 3-D wireframing, which gave the
outlines of an image in three dimensions. These shapes had volume, but still no
mass. Lastly, today’s technology offers 3-D solid models. This CAD gives the
created objects shape, volume, and mass, allowing users to assign specific
densities, materials, and material conditions to the parts they are digitally
representing. (p. 53)
CAD is a complicated process that has developed rapidly over the past 50 years. The idea
of digital representation of products and prototypes has allowed companies to save a ton
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of money on material for physical replication while allowing ideas to proliferate more
quickly.
CAD has become a tool utilized in education, providing students the opportunity
to get in on the ground level of the engineering design process by utilizing software
provided by their school or a third party. This used to create tension in the drafting
community. Now, students are being trained on CAD systems software while the ways of
pen and paper are lost. The older generations of design engineers are tried and tested in
the way of fundamental skills honed by constant drawing and redrawing, memorizing
how to format and create sketches and 2D drawings. The new era of CAD allows students
to bypass all the initial necessities and formatting of engineering design and get straight
into looking at how a 3D model is constructed and the information that can be associated
with it.
Students are, however, skipping an important connection between a drawing and a
three-dimensional model. CAD systems allow students to directly interact with 3D
models and begin putting pieces together with the goal of building a proper part or
solution. However, when creating a design, professionals “… run a movie in their head
about how it could be made” (Thilmany, 2006). Students are not being taught the
manufacturing methods that accompany the designs they are making, a process generally
undertaken during the creation of a drawing or a product diagram (Ullman et al., 1990).
This, however, seems to be replaced by the urgency of understanding the software first
and processes second. The process or how the students/designers get there has yet to be
officially locked down.
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Engineering Design Process and Choices
One of the main focuses of this thesis will be on the steps by which designers
choose to create 3D models. In order to understand this niche area, it is important to
observe the overarching engineering design process as a whole. There are five steps laid
out by Kamrani and Nasr (2013) in their book Engineering Design and Rapid
Prototyping. The steps are as follows:
1. Identify the Need/Problem
2. Research the Need/Problem
3. Develop Possible Solutions
4. Select Best Possible Solution
5. Construct a Prototype
The five steps above are part of a simple guided process that leads to a product, process
or service (Kamrani & Nasr, 2013). Saving costs, managing more efficiently your
resources, tending to the customer and satisfying management objectives are all part of
the process according to Kamrani and Nasr (2013). A necessary component of a
product’s lifecycle, the engineering design process is utilized every single day. According
to Brown (2009), “From a creative standpoint, entering data into CAD can be described
as a ‘passionless activity of drawing points, lines, and circles’ (Downey, 1998, p. 167).
As Product Design master’s student and Mechanical Engineering TA Matt Coleman said,
“once you know exactly what you’re drawing and why you’re drawing it that way, CAD
is phenomenal” (Coleman, 2009, p. 55).
Although the engineering design process can be classified as a good way to solve
a problem, especially if circular feedback is involved, decisions need to be made to reach
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those conclusions. Decision making is a process and a product all of its own. When a
decision is being made, there are typically many different things that weigh into what that
decision will amount to. The outcome of a decision leads to action typically, or
sometimes inaction by choice. Sometimes when you are in the flow of the design process,
decisions come naturally. Natural decision making is easily described as “how people
actually make decisions in real-world settings” (Klein, 2008). The real-world setting that
is the focus of this paper is that of 3D modeling, specifically 3D CAD authoring.
Patterns of involvement can lead to static decisions and outcomes, which means
that perhaps rapid decision making is the key to how we perceive any given moment. By
rationalizing what we see and are currently dealing with, we can conjure up situations in
which we can evaluate any outcomes that could materialize from our decision. Klein asks
the question “How can a person evaluate an option without comparing it with others?”
(Klein, 2008). There doesn’t always need to be a physical comparison for a decision to be
made. Klein uses the example of a fire-ground commander who uses mental simulation to
work out what orders to give. The same thought exists for ourselves. When the call for a
decision to be reached is made, we mentally filter through the possible inputs and
outcomes to rationalize what the decision should be. Just as the engineering design
process ends with a prototype, mental simulation ends with a mental prototype.
The Many Forms of Modeling
CAD authoring can be a tedious and frustrating task when the goal in mind is not
exactly clear. Decisions on how to interpret the data from the model are self-eliminating
based on what information is already present, but yet the creation of a 3D model can still
be a complicated procedure taking time, resources and patience. In Olsen, Samavati,
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Sousa and Jorge’s paper “Sketch-based modeling: A survey”, they state: “… model
creation is a major bottleneck in production pipelines, requiring human effort to create
the complex and diverse shapes and intricate inter-relationships” (Olsen, Samavati,
Sousa, & Jorge, 2009, p. 85).
A short while later, they go on to say: Reconstruction is the task of creating a
complete description of the 3D geometry of an object based on a 2D representation. A
similar but distinct task is recognition, or identifying which class of object an image
represents based on shape memory (p. 87).
Reconstruction is a form of modeling, as it pertains to utilizing 2D objects or
representations of objects to build a 3D image. Much like if a house is knocked down, it
can be reconstructed. Being able to accurately take something from a flat picture and turn
it into a 3D image is extremely difficult, especially if not all of the details are present.
Mentioned above is also recognition, which plays off of the fact that memory is a tool
that can be utilized. If the 2D object being seen is familiar, but the information given is
not complete, chances are the design engineer can infer the rest of the information from
the 2D representation to make the 3D model.
While a complete discussion of memory and how it can affect the reconstruction
process is outside of the scope of this study, it is important to note that in their paper,
Olsen et al. (2009) stated that “if visual memory can recognize a shape, we can more
easily reconstruct it (p. 87).” Memory plays a role in the reconstruction of geometry,
especially when working on new projects that have similar aspects of those that have
already been done. In a way, memory can influence the creation of new projects and in
fact, it is encouraged to build off of prior interactions in order to make something new
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(Good & Brophy, 1994). Olsen et al. (2009) go on to say that “reconstruction is not based
on or limited by recognition: the user is free to create an almost limitless variety of
objects within that domain, unhindered by any template set” which helps us to see that
although reconstruction and recognition can be seen together, they are not interdependent
(p. 93).
Determining Model Complexity
When discussing the complexity of a model or in the understanding of a shape, it
is important to know what could help determine that complexity. The first question to
answer is whether the complexity is being determined by a CAD system, or by the human
interpreting the shape. Both are legitimate approaches to the subject, but both have
different ideas of shape complexity. For example, Valentan, Brajlih, Drstvensek, and
Balic, (2006) provided an article to the Journal of Achievements in Materials and
Manufacturing Engineering that discusses complexity of a model and how it is
determined in STL data. Where rapid prototyping is concerned, complexity isn’t the only
issue. Finding the optimal orientation and position of the part can significantly affect
manufacturing costs as well. Their paper discusses mathematical procedures for
determining complexity based on several factors, including the number of triangles (or
facets), size of the part (meaning file size), angles between triangles and volume based on
number of triangles. These four methods of determining complexity are varied but all
mathematical. One thing that comes down to true complexity when modeling a part is
how the part is viewed from the manufacturing point of view. Complexity needs to be
accounted alongside the limitations and properties of the manufacturing procedure
utilized.
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Chen and Sundaram (2006) provide another study on shape complexity where
they get values of shapes on a scale of 0 to 1, with 0 being a very simple shape and 0.6
and above being very complex. Their complexity is determined algorithmically as well,
but contains two components: geometrical complexity and perceptual complexity. Their
results showed that shapes consisting of random points (shapes that aren’t defined by any
discernable shape or feature) are the most complex while shapes that are well-defined by
their points are the least complex. User studies that were conducted showed that “(a) our
measure of complexity is correlated to human perception of complexity difference, (b)
the sensitivity to the difference is proportional to complexity of the more complex shape
– i.e. user always compare the simpler shape with the more complex shape” (p. 4).
The test they ran had 1300 pairs of shapes distributed to 13 subjects with different
backgrounds, 100 pairs each. The subjects were to decide if the shape on the left was
more complex than the one on the right by choosing between seven pre-generated
statements. The scale used to determine if the shape truly was more complex went from 3
to -3, with a positive integer stating that the shape on the right was more complex and
vice versa. The results showed that “people can use small shape complexity differences to
distinguish amongst simple shapes, and require large differences in complexity to tell
apart more complex shapes” (p. 4).
Perception of a shape can determine whether or not an individual understands that
shape, or the many shapes that make up the assembly. Students working in CAD often
times need to work with multiple views of an object in order to get an understanding of
how the 3D shape should be molded in a CAD system. Biederman (1987) published a
journal article in the Psychological Review called “Recognition by Components: A
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Theory of Human Image Understanding”. This article gets into how we classify objects
based on their individual components, even if they are not complete. Recognition by
components (RBC) has an assumption that “the components can be differentiated on the
basis of perceptual properties in the two-dimensional image that are readily detectable
and relatively independent of viewing position and degradation.” Further on Biederman
discusses how nonaccidental differences can be perceived, five nonaccidental relations
being collinearity of points or line, curvilinearity of points or arcs, symmetry, parallel
curves and vertices-two or more terminations at a common point. An excellent example
of some of these nonaccidental relations are made between a brick and a cylinder, citing
three parallel edges and three outer arrow vertices on a brick while a cylinder has curved
edges, two of which are perceived to be parallel in 2D space, while there also exist two
tangent y vertices. The main difference between the two shapes can easily be seen, the
brick has flat surfaces with sharp edges while the cylinder appears curved with parallel
edges and a smoother look. Biederman describes the two shapes according to their
nonaccidental properties. RBC properties state that complexity is defined by the number
of components required to look complete. Several experiments were performed in this
article, one of them being the identification of partially-complete objects with no
familiarity given to the subjects beforehand. They spoke their answer into a microphone
in order to answer, and the results showed that those who were familiarized with the
object beforehand and those that weren’t had virtually identical answers. Objects that
required two, three, six or nine components to look complete were utilized, 99 slides in
total that 48 subjects were all equally exposed to in random order. The results showed
that as more components were provided, error rate went down. In CAD, especially when
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making 3D models, often times students are inferencing from a manual, book or
assignment an object that needs to be replicated in a system. They are given partial views
of that object, 2D representations that when all utilized together can help form the 3D
model to be constructed or identified. This will be discussed further in the Methodology
section.
Inferencing Model Creation
While no direct work has been done to try and decipher the input of design
engineers or students when modeling in programs such as NX, CATIA and Solidworks,
there has been work done to inference sketch-based input and line creation (Qin, Wright,
& Jordanov, 2000). Other works have been produced to give credit to free-form
applications that allow sketch-based input to infer 3D model creation (Eggli, Hsu,
Brüderlin, & Elber, 1997). The work done by both of the aforementioned sources has
contributed greatly to the following of patterns of input, and have even explored newer
technologies that will help develop the field in the coming years. The work done by Huot,
Dumas, and Hégron (2003) provides insight into a project known as GINA (interactive
and natural geometry), which allows users to create a 2D perspective view of a 3D object.
The commonality between the previous three sources is that all of them, in one way or
another, are trying to determine what a user wants before they get there, or at least
provide options for output alternate to what they are going for.
The lack of research in the area of 3D model inferencing is concerning in the
sense that the gap exists and as of yet, has not been filled. Users, design engineers and
students all do things differently. This study believes that spatial ability plays a key role
in those differences. The way that a model is built is not defined by what you are given,
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but rather by what method the person decides to utilize to get to the end product. In CAD,
such tools exist that allow you to take a 2D sketch and rotate it, extrude it and manipulate
it in different ways to get different outputs. Any number of those commands can be
combined and paired with secondary and tertiary sketches to produce the product that is
desired. When one product cannot be crafted from one sketch, it is compiled from many
sketches, perhaps even from many products (assemblies).
In Qin et al. (2000), they discuss the creation of a sketch-based CAD interface to
allow for concept design that is not hindered by the CAD interface or 3D model creation.
They argue that:
A rapid geometric modeller for supporting conceptual design process is highly
demanding, because few CAD tools are suitable for this stage of the design
process, in which designers use various sketches with vague and imprecise
geometry to rapidly express their creative ideas. (p. 851)
This is interesting in that it provides a way to think of model creation outside of
the 3D systems that modern design engineers are used to. True, before CAD software
existed the pen and paper ruled all, but for it to have to be extensively utilized in this day
and age to get a point across is a waste of the technology we have before us. Qin et al.
(2000) have moved to the idea of a technology that allows users to utilize drawing as if it
were on pen and paper, but in a digitized environment with a lot more applications
thrown in. Their method of creation influences the way that a designer would, in turn,
model the final product. Such technologies need to be advanced further and grown to a
greater degree to allow full functionality across CAD systems.
Quick-sketch, the technology discussed in Eggli et al., (1997), is “a 2D and 3D
modelling tool for pen-based computers” (p. 101). In the context of CAD, they go on to
say:
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… these CAD systems are still not very useful in the initial design phase. It takes
many hours or even days of concentrated effort to create the 3D models for new
designs, illustration purposes, or for animation. This is in contrast to the seconds
or minutes it takes to quickly sketch an idea on paper which is often good enough
to convey the essentials of a new concept. (p. 101)
It is important to observe the commonalities we see here, that is, that both Eggli et al.
(1997) and Qin et al. (2000) have stated that CAD systems cannot handle the early phases
of the design stage, where the process of drawing and creating concepts takes place. The
technologies presented here were created to fill a gap that was apparent to designers, that
not enough focus was being put on the convenience of the design stage and how easy it is
to have ideas proliferate from a single sketch.
Much in the same way, designers that start out not on pen and paper, but inside of
CAD systems using basic geometry creation and manipulation are creating in a way that
makes sense to them. Sketching when in the very early design stages of a new product is
very important because nothing is more powerful than being able to create an image of
what it is we are seeing in our brains and then bringing it to life. However, that specific
phase of the design cycle only lasts a short period of time until the final product from the
idea phase is put into work. This is where current CAD systems take over. Students at the
high school and university level are taught CAD systems from the start. From personal
experience, a program called Project Lead the Way is an excellent program that gives
potential designers a first-look at engineering and other STEM degrees while in high
school. On their website (listed in references below) they provide an overview of their
course curriculum and a description of their first class, Introduction to Engineering
Design (IED, 1 year), which states:
Students dig deep into the engineering design process, applying math, science,
and engineering standards to hands-on projects. They work both individually and
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in teams to design solutions to a variety of problems using 3D modeling software,
and use an engineering notebook to document their work.
This shows that at the very basic level of schooling on pre-engineering, students are
being taught 3D modeling first, with references to past ways of doing things.
It is imperative, more now than ever, to understand the engineering design
process. With students being taught a variety of different 3D CAD systems and
development options, it is paramount to understand why the choices that students make,
and design engineers for that matter, are being made. At the university level, students are
taught to utilize the 3D modeling software provided and then how to generate 2D
sketches and other what would be preliminary information after-the-fact.
Cooperstein and Kocevar-Weidinger, (2004) made an excellent analysis of the
ability of students to learn in their paper Beyond Active Learning, where they quoted
from other professionals in the field saying “Students seem to learn more when trying to
recover from mistakes” (Bruner, Goodnow, & Austin, 1956; Donaldson, 1977, p. 144).
This helps to analyze how the drafting process proceeds when given the task to create a
3D model. There are hundreds of ways to craft a 3D model in any given CAD software,
but there are typically a select few ways that are fastest, easiest and work the best when
trying to pair geometry. By observing the trial and error process that students and
professionals utilize, patterns of learning will become apparent and provide some insight
on why certain methods of 3D model creation are utilized over others.
Cooperstein and Kocevar-Weidinger (2004) provide an excellent point again, later
on in their paper when they state “Students must think about and process the activity, not
simply replicate an action, in order for learning to take place” (p. 144). In relation to
professionals and students, the ideology will be similar when working with geometry
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inside of a CAD system. Generally, there is a linear performance when it comes to
creating a 3D model, be it from instructions or from ideation. That path follows, and this
is a very loose assumption, creation of 2D geometry, addition of methods to create 3D
geometry from that 2D sketch, then further sketching and use of methods utilizing the
creation and deconstruction of 3D geometry to get a final product. This, once again, is
skipping a large amount of steps and is watered down to show that a linear path (by way
of final product) is generally followed in the creation of a 3D model. This linear path has
many iterative steps inside of it, but all additions to a model flow down from the initial
sketch.
However, that path is deviated from when users decide to utilize different
methods to create with. For example, one student could utilize the line tool four times to
make a perfect square, and extrude that to make a cube. Another student may utilize the
rectangle tool and just draw a square using a two-point-click interface and then extrude
that. Yet more options exist, but the point remains that as designers, be they students or
professionals, many avenues of approach are available. These options are not always the
most efficient, but perhaps they are fastest for select individuals. This paper will seek to
understand if there are differences between modeling habits of students as it relates to
their spatial ability.
One thing that cannot be inferenced by the software used by students, however, is
how they will analyze the task. Every student will break down the task in a way that is
easier to understand, specifically to them, and then create their own agenda for
accomplishing those tasks. This is discussed in the next section.
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Task Analysis
Chandrasekaran (1989) provides a look at generic tasks as they relate to task
analysis by saying:
Problems, methods and subproblems. A problem (or a problem-solving
goal) can have one or more methods associated with solving it (or
achieving the goal). Each of the methods is characterized by forms of
knowledge and inference that are necessary for carrying out the method
and by additional subgoals (or subproblems) that will need to be achieved
(solved) in order to complete the application of the method for the
problem. (A method can be a procedure where the sequencing of steps is
all prespecified, but it can be more abstract… (p. 339-340)
More specifically, a general task is defined as “A combination of a
problem/method/knowledge/inference structure…” (Chandrasekaran, 1989). These
descriptions support a task-oriented methodology which is a process that supports the
representation of a task-structure for a problem through the process of gathering,
analyzing and building information-based systems for problems. When designers,
experienced or novice, observe a modeling task, it can be assumed that they are
evaluating how they will proceed. A task structure looks at the methods that are
applicable to the given task and the conditions under which they are applicable and then
builds a representation of that task based on those.
According to Mori, Paternò and Santoro (2002), “A task is an activity that should
be performed in order to reach a goal. A goal is either a desired modification of state or
an inquiry to obtain information on the current state.” They go on to discuss how task
models are represented and the influence of hierarchical structure. Hierarchical task
analysis owes its roots to Annett and Duncan (1967) as they wrote the first paper on the
specifications for the method. Over the last 39 years there have been many developments
made to hierarchical task analysis, yet one of the most influential ideas that led to
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hierarchical task analysis was the identification of error variance in system performance
from systems theory (Chapanis, 1951).
Miller, Galanter, and Pribram (1960) proposed the influence of control theory of
human behavior and can be seen in hierarchical task analysis even today. An aspect of
this theory that is seemingly central is the TOTE (Test – Operate – Test – Exit) unit with
hierarchical levels of analysis. Central to the TOTE system is that there is some level of
feedback being provided as the task is being done. It offers a system of control and it
offers hierarchical analysis of systems (Stanton, 2006).
One last mention about hierarchical task analysis is the existence of the three
main principles that, even until today, govern the analysis. Annett, Duncan, Stammers,
and Gray (1971) stated the three main principles as follows:
"1. At the highest level we choose to consider a task as consisting of an
operation and the operation is defined in terms of its goal. The goal
implies the objective of the system in some real terms of production units,
quality or other criteria.
2. The operation can be broken down into sub-operations each defined by
a sub-goal again measured in real terms by its contribution to overall
system output or goal, and therefore measurable in terms of performance
standards and criteria.
3. The important relationship between operations and sub-operations is
really one of inclusion; it is a hierarchical relationship. Although tasks are
often proceduralised, that is the sub-goals have to be attained in a
sequence, this is by no means always the case." (p. 4)
The main takeaway from these principles is that “HTA is a goal-based analysis of a
system and that a system analysis is presented in HTA” (Stanton, 2006). Task analysis as
a whole provides us with a means of taking a larger task and breaking it down. On a
smaller scale, it allows us to observe individual steps or instances of a larger action, the
sum of which may be able to be ascertained from the parts.
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The students in this study, as attained by the research question and hypothesis, are
assumed to have varying spatial ability. Task analysis is based on being able to take a
larger problem and break it down into more manageable parts. Spatial ability, as will be
discussed below, will be evaluated to see if there are differences in times between low
and high spatial ability scores. If a student is quickly able to solve the modeling tasks
then perhaps it can be assumed that they have high spatial ability and are able to quickly
formulate a plan and act on it, whereas students with lower spatial ability will have to.
The amount of steps taken, discussed in the methodology section, will be another factor
evaluated as part of this.
Spatial Ability
Spatial ability refers to skills in representing, changing, creating and recalling
symbolic, nonlinguistic information. This study will specifically be dealing with two
factors inside of the area of spatial ability: spatial visualization ability and spatial
relations, defined in the Mental Cutting Test (MCT) section below. Thurstone’s (1938)
study of primary mental abilities yielded a “space” factor which was determined to
represent the ability of an individual to operate, mentally, on spatial or visual images.
However, Zimmerman (1953) re-analyzed the data from Thurstone and came up with two
spatial factors. One factor was seen to involve mental manipulation of objects and their
relationships with other objects (same as Thurstone) and was labeled the Spatial
Relations factor. The second spatial factor was denoted as “Visualization”. The
visualization factor’s tests tended to be more difficult with less emphasis on speed than
those tests done on the spatial relations factor.
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In a different study conducted by Guilford and Lacey (1947), four factors were
derived. Two strong spatial factors labeled as spatial relations and visualizations and two
weaker factors which they labeled as S2 and S3. S2 was an emphasis in testing of right
hand versus left hand discrimination while S3 was dropped due to irrelevance. The spatial
relations and visualizations factors were the exact same as those found by Thurstone and
later, Zimmerman.
Thurstone (1950) derived seven factors, only three of which were directly related
to visual orientation in space. These three factors were labeled S1, S2 and S3 (similar to
Guilford and Lacey’s derivation earlier). S1 was directly interpreted as the “ability to
recognize the identity of an object when it is seen from different angles”, or as “the
ability to visualise a rigid configuration when it is moved into different positions”. S2
was defined as “the ability to imagine the movement or internal displacement among the
parts in configuration”, involved with surface development or mechanical movement. S3
was defined as “the ability to think about those spatial relations, in which the body
orientation of the observer is an essential part of the problem” (Thurstone, 1950; Gorska
& Sorby, 2008).
Gorska and Sorby (2008) look at Linn and Petersen (1985) in defining spatial
visualization as being “…commonly associated with those spatial ability tasks that
involve complicated, multi-step manipulations of spatially presented information. These
tasks may involve the processes required for spatial perception and mental rotations but
are distinguished by the possibility of multiple solution strategies”(Gorska & Sorby,
2008, p. 3).
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Perhaps another interesting study to look at is one done by Guilford, Fruchter, and
Zimmerman (1952). This specific study came forward with five spatial factors listed as
Spatial Relations, Spatial Orientation, Spatial Scanning, Visualization and Perceptual
Speed. Spatial Relations and Visualizations were identical to the ones reported earlier.
Spatial Orientation is characterized by the making of spatial judgements based on the
orientation of the individual. Spatial Scanning is denoted by the ability to mentally plan
or visually map out a correct path on a test. Perceptual Speed has to do with tests that ask
the individual to rapidly identify letters in a letter string (Pellegrino, Alderton, & Shute,
1984).
A lot of work has been done on the area surrounding spatial ability. While the
definitions and spatial factors listed are not an exhausted list by any means, they do
provide the basis for a more in-depth look at spatial ability from multiple different
perspectives. Seminal works such as Thurstone’s (1938) study have opened doors for
more work to be done and for new developments to be made. Because the main concern
of this paper will be with spatial ability as it is measured by the MCT, the methodology
section will summarize what the MCT looks at and how the test works.
Summary
This review of literature has discussed seven topics of interest for the area of
understanding the differences in 3D modeling abilities of students. A history of CAD was
discussed, and the engineering design process was laid out in five simple steps to help
provide a broad view of the process that this study will be following while observing the
students participating in the study. Modeling takes on many forms, and there was a
discussion about the difference between reconstruction and recognition in the form of
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modeling. It was established that while a discussion of memory is important, there is still
more to say about the relation of memory in modeling that is outside of the scope of this
study. Model complexity was introduced in terms of geometrical complexity and
perceptual complexity. Sketch-based inferencing software was talked about and the gap
that exists in the knowledge of model-based inferencing software was discussed. Task
analysis is assumed to play a key role in a student’s ability to solve the modeling task.
The final section in this literature review covered a brief history of spatial intelligence
and talked about how spatial ability is understood, also why it is necessary to be
understood for this study. To understand if there are differences in the abilities of
students to complete a modeling task between students with low and high spatial ability is
the purpose of this study. The next section will discuss the methods by which this study
was established and how the MCT and modeling task will be administered.
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CHAPTER 3: METHODOLOGY

The purpose of this research is to find evidence to answer this question: Do
students with varying spatial ability create 3D geometry in CAD systems differently?
Students will be administered the Mental Cutting Test. Once their results have been
collected they will then complete the modeling task over the next few lab periods if
necessary. Once all students’ models and results have been collected the evaluation
period will begin.
The purpose of this chapter is to describe the research type and reasoning, the
samples that will be taken, the data that will be collected, how it will be analyzed,
trustworthiness of the data and researcher bias.
Making Connections
The chosen literature delves into a slew of topics ranging from basic history to an
understanding of how spatial ability relates to the purpose of this study. The very nature
of this study is grounded in CAD and associated tools. However, this study doesn’t just
focus on CAD but also on the individual, specifically their ability to utilize CAD tools to
perform a series of tasks. These tasks, developed from experience and other research
done in the field (Branoff & Carolina, 2013; College Entrance Examination Board,
1939), provide a look at how students are able to utilize spatial ability skills to solve
complex problems while under a time constraint.
Computer-aided drafting utilizes a whole host of abilities, as discussed in the
literature review. These abilities, spatial intelligence in particular, are important for a
student in a STEM degree utilizing CAD systems to understand (Shae, Lubinski, &
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Benbow, 2001). This study is a combination of research and interest, developed to gain a
better understanding of students’ abilities to model in a CAD system. Research done over
the topic of spatial intelligence and its relation to engineering students has brought back
astounding results (Branoff & Carolina, 2013, 2014; Connolly, Harris, & Sadowski,
2009; College Entrance Examination Board 1939; Tsutsumi, 2004, 2005).
Of this research, it has been found that students with STEM interests or degrees in
high school as well as into college tend to have higher spatial ability. This spatial ability
has been observed to be a large part of being able to model inside of a CAD system
(Branoff & Carolina, 2013; Tsutsumi, 2005). To an extent, CAD systems have become
intuitive to the point where every tool has a short description of what it does and for the
curious mind, usually video tutorials or in-depth explanations. Although still difficult to
use with no prior knowledge, they are becoming tools that are easier to understand
without previous training. The literature section focused on inferencing model creation
talked about specific processes and technologies allowing users to use sketches to infer
3D models and 3D models to infer sketches (Eggli, Hsu, Brüderlin, & Elber, 1997; Huot,
Dumas, & Hégron, 2003). As these tools continue to grow users will be required less and
less prior knowledge to be able to jump into a CAD system and start working. Therefore,
it is important to determine how much spatial ability plays into the ability of students to
be able to model in a CAD system.
Finally, it is easier to teach someone who has never modeled in a CAD system a
specific way to create 3D geometry than it is someone who has already been invested in
the software and developed their own habits (Branoff & Carolina, 2014). As users go
through the process of breaking down a problem they begin to analyze things in ways that
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make sense to them. Task analysis plays a large role in our ability, as humans, to solve
problems that sometimes seem larger than life (Chandrasekaran, 1989; Mori, Paternò, &
Santoro, 2002). This study will seek to understand not only the connection that spatial
ability has to the ability of students to model in a CAD system, but also the steps they
took to get there. Unique steps as well as repeated steps will be observed; it is from these
that we will be able to decipher just how they went about solving the modeling problems
presented to them. This study is enriched by the literature surrounding it and should in
turn produce rich results.
Research Type
This research will utilize a quantitative approach. Information will be collected in
the form of results from the MCT, times taken to complete the modeling task and number
of steps taken to complete each model in the modeling task. The study will happen over
the course of multiple lab periods for students in CGT 163 at Purdue University. The
MCT will be administered first, followed by the three different portions of the modeling
task.
Pilot Study
Table 1: Pilot Study Results
Model:

Model One

Model Two

Model Three

Participant 1:

4:32

21:42

37:55

Participant 2:

5:04

11:57

15:22

Participant 3:

3:04

11:20

19:24

Participant 4:

4:32

11:12

23:22

Participant 5:

4:08

14:27

22:13

Average Times:

4:16

14:05

23:39
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A pilot study was conducted to get an idea of how long it would take students to
complete each model. Five participants took the modeling portion of the study and their
times were recorded as seen in Table 1. Model one saw a tight spread of times, whereas
model two saw larger fluctuation and model three saw a very large spread of times for
completion. A regular student lab period will be an hour and fifty minutes long. The
students that took this pilot study were graduate students in the field of CAD. Although
they have more experience with the CAD package and modeling practices than the
students that will be observed in the study, the general timings still provide a look at
where the times for a student should sit.
Competing Studies: PSVT: R vs MCT
The Purdue Spatial Visualization Tests: Visualization of Rotations (PSVT: R) has
been used for more than three decades in science, technology, engineering and
mathematics (STEM) research in academia. It is a measure of spatial visualization ability,
specifically targeting tasks that utilize mental rotation. Mental rotation is then defined as
the ability for an individual to rotate an object mentally in two-dimensions and threedimensions as it relates to the actual visual representation of the object (Branoff &
Carolina, 2013; Maeda, Yoon, Kim-Kang, & Imbrie, 2013).
Over the last thirty years the PSVT: R has been favored when testing engineering
graphics students in the United States to measure the construct of spatial visualization
ability. It is a test that consists of 30 items with a time limit of 20 minutes that increases
in difficulty as you progress. The test starts with having participants rotate 90º on one
axis but then is followed by test items that ask for 180º rotations on one axis. It then
increases to a 90º rotation on two axes, ending with items requiring a 90º rotation on one
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axis and 180º rotations on another axis. An example of the PSVT: R can be seen in
FIGURE 1.

Figure 1: Example PSVT: R problem

International literature related to engineering graphics shows that the most
common measure of spatial ability is the Mental Cutting Test (MCT) (College Entrance
Examination Board, 1939). It is a test that consists of 25 problems to be solved in 20
minutes with increasing difficulty. Students are expected to visualize a cross-section of
an object when a cutting plane is inserted through the object (Branoff & Carolina, 2013;
Tsutsumi, 2004; Tsutsumi, 2005). The MCT will be defined further in the methodology
section of this paper, however a key difference between the MCT and the PSVT: R
should be discussed.
The mental cutting test has a distinct advantage over the PSVT: R in terms of how
it measures spatial ability. Engineering and technology students utilizing the CAD
environments of today will constantly be taking two-dimensional representations of an
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object and creating a three-dimensional model from it. How these students can visualize
the many planes and forms that the object can take on is a direct measure calculated by
the MCT. This strategy is exactly what the students will be using when modeling parts, as
they will constantly be trying to find the best plane on which to start modeling.
Identification of this plane can be difficult or strenuous, depending on the model that is
being created. They must be able to visualize the object they have in different forms and
identify where to begin, and they should be able to even without a complete package of
views or sections (Biederman, 1987). They will then have to sketch or create the
appropriate geometry and use the tools (such as extrusions, cuts, sweeps or revolves) to
create the object. The PSVT: R only requires that students mentally rotate objects
(Branoff & Carolina, 2013, 2014; Maeda et al., 2013). This shows then, that the MCT is a
better choice for predicting the success of 3D modeling than the PSVT: R.
Defining the Mental Cutting Test
The MCT is considered to “reflect the ability to construct mental images of 3dimensional objects from the 2-dimensional representations” (Tsutsumi, 2005) and
measures spatial visualization ability (Suzuki, Wakita & Nagano 1990), which consists of
the ability to mentally acquire, encode and transform spatial forms without paying
attention to the speed of the solution (Höffler, 2010). It also measures spatial relations,
the ability to understand or perceive the relationships of the positions of objects in space
(Gorska & Sorby, 2008). The MCT “…has a long history and widely used for testing the
spatial ability of students at any level” (Németh, 2007). Németh used the MCT to
evaluate potential improvement of spatial ability in students after descriptive geometry
courses, the results of which showed general improvement after the two semesters had
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concluded. Németh’s study is only one of many that show improvement in spatial ability
after a time lapse where training or classes were underwent.
As stated before, the ability to create mental images of 3D objects from 2D
images or representations is a primary measure of the MCT and is paramount to this
study. Students will be expected to solve three modeling tasks varying in complexity
while utilizing 2D representations of what they need to make. Students will be provided
with an isometric view of each model that will include dimensions for relevant measures.
First used as a university entrance exam in the USA (developed by the College Entrance
Examination Board, 1939), the MCT was proposed by Suzuki et al, (1990) to be used as a
measure of spatial abilities in relation to graphics curricula. Since that proposition was
made, a large amount of data has been collected from various tests conducted on many
subjects (Tsutsumi 2005).
The MCT consists of 25 problems and a time limit of 20 minutes. Each problem
gives the subject a perspective drawing of a solid object that is to be cut with an assumed
cutting plane. The subjects are then asked to choose one correct cross section among five
alternative choices. There are two categories of problems in the MCT, the first one being
“pattern problems” in which the correct answer is determined by identifying only the
pattern of the section. The second is denoted as “quantity problems” or “dimension
specification problems”, in which the correct answer is determined by identifying not
only the pattern but also the quantity in the section, e.g., the length of the edges or the
angles between the edges (Tsutsumi 2004; Tsutsumi 2005). An example of a problem
from the MCT is shown in FIGURE 2.
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Figure 2: Example MCT Problem (College Entrance
Examination Board, 1939)
Spatial ability has to do, generally, with individual abilities in taking in their
surroundings, recognizing shapes and positions of things as they visually see them and
then manipulating these shapes or forms mentally (Höffler, 2010; Carroll, 1993).
Data Collected
The quantitative data being collected in this experiment is listed below:
•

Time to complete each model in the modeling task

•

Number of steps taken to complete each model in the modeling task
o Unique steps as well as total steps

•

Accuracy of responses on the MCT
Defining “Steps” in CATIA

According to König and Wintermantel, (2004), “A product document [in CATIA
V5] consists of different components which can be Product documents themselves or
which can be single mechanical structures represented in Part documents. Part documents
hold four containers…”. The authors then go on to define all four containers:
Product Container: It manages the integration of a Part document into the
Product document.
Specification Container: It contains the actual design representation of the
mechanical object. The design is defined by a list of mechanical features being
hierarchically grouped in a specification tree.
Scope Container: This container is concerned about generic naming concept
providing stable and flexible ways to reference topological geometry objects in
the specification container.
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Geometrical Container: Mechanical features handles in the specification
container essentially capture the design intent of the user. From this features the
actual shape of the objects is then computed using an underlying modeler, also
called updated mechanism, and the topological results are stored in the
geometrical container. (p. 3-4)

Figure 3: CATIA Specification Container (König & Wintermantel, 2004, p. 4)
The above figure provides a clear look at the specification container (the specification
tree on the left), which will be the main focus for this section. Inside of the specification
container you can see unique features that were employed to make the object look as it
currently does. Each one of these features has a series of smaller inputs that are tied to it,
but those inputs will not be evaluated as part of this study. The focus will be on the steps
themselves as a whole. For instance, Figure 3 shows that the part on the right was created
with seven steps, first they made a “Plane.1” followed by “sketch.1” and then used a
“shaft” command to create the body, followed by a “sketch.2, groove, remove and
chamfer” respectively in order to get the final part. Although seven steps were utilized to
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define the final product, only six of them were unique. The repeat “sketch” command
would not count as a unique step, as a sketch had already been utilized to define the
initial product.
König and Wintermantel, (2004) specify that there is a separation between these
containers and that it is important to observe the differences between structural and
geometrical feautres. In the above example from their paper, “structural features are
Part2, PartBody, Body2, all sketches, and Open Body.1” while “Shaft BaseBody,
Groove, Remove.1 and Chamfer.1 are geometrical features”. This is an important
differentiation again, because this study will be concerned with the geometrical features,
not so much the structural features (except for the sketches).
The structure tree can be seen as a drawback, however. The sequence of modeling
operations is heavily embedded in the part hierarchy and assembly hierarchy. This makes
automatic updates of a part difficult and makes understanding the relationships
(mentioned above) even more important. A designer who isn’t the original author would
have trouble making edits to an assembly, even just a part, if the structure tree is too
extenuous (Bodein, Rose, & Caillaud, 2014).
Wayzode (2012) begins to specify the importance of the designer in the role of the
creation of a model. Although Wayzode is speaking mainly from the point of scripts and
auto-generated parts in his writing, he identifies the importance of the differentiation
between document parts and object parts (IE structural and geometrical features). This
study has a heavy focus on the steps that the individual students take and it can be
assumed that there will be a blend of geometrical and structural features in every model
created.
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Modeling Task Choices

Figure 4: Modeling Task Model 1

Figure 5: Modeling Task Model 2
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Figure 6: Modeling Task Model 3
Model complexity was discussed in the literature review; however, it is
appropriate to discuss the three models in the modeling task here in relation to their
complexity. Complexity of the models was determined by the number of features in a
given part that was to be modeled. Biederman (1987) discussed perceptual complexity in
relation to the number of components necessary to identify an object while Chen and
Sundaram, (2006), discussed how polygonal shapes have little geometrical complexity
when compared to polygonal shapes with noise, or shapes that are made entirely of
random points. Complexity can be evaluated on a scale of 0 to 1 with Chen and
Sundarams’ method, while Biederman chose to observe how quickly and easily subjects
could identify an object based on a partially-complete image or representation. In both
cases, the most complex objects had many components. Triangulation of an objects
complexity can also be achieved by way of applying a mesh to any object and figuring
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out how many triangles represent that figure using algorithms and formulas (Toussaint,
1991; Valentan et al., 2006). For the purposes of this study, model complexity was
derived not only from a visual perspective but also a geometrical perspective. Model 1
shown in FIGURE 4 was determined to be the least complex of the three due to its lack
of features required for creation in a CAD system. Geometry in a CAD system must first
be represented by a 2D sketch or drawing in order to create the 3D model. While there
are many choices on how to create this model, it generally requires less time to make
according to the pilot study shown in TABLE 1.
Perceptually, the object is complete. All features of the object can be seen and
therefore are not occluded in any way, reducing the complexity of the visualization of
this object. FIGURE 5 shows the second model in the modeling task. The second model
has multiple features associated with it, and took more time to finish than the first model
in the pilot study. One key difference to note between models 1 and 2 are the differences
in geometry. The first model is a half pin with a hole in the middle. The second model is
a stop-base that has two separate holes, the one on the bottom left being a hole connected
to a negative pad. Or, simply a negative pad with the exact shape cut out. Once again, this
model is not very complex as all features are visible and none are assumed or occluded in
any way. Presentation of material in a CAD model can increase or decrease the visual
complexity of a model. For example, if model 1 were simply shown from a side-view and
all dimensions were shown as notes, hidden lines, etc. then it would be very hard to
understand how to build that object. When given the isometric view, we can see clearly
where the hole is at on the object and that there is a small extrusion off the front.
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Model 3 shown in FIGURE 6 is an excellent example of occluded
features/information. On the top of the model are the words “tab on both sides” with a
leader going to a small tab extruding off the backside of the object. Intuitively, one would
think this means that the tab is repeated on the bottom of the object in order to create
symmetry between the top and bottom half. However, it is up to the student who is
building the model to make that connection and to make sure that the model is created
correctly. Perhaps the information provided was insufficient and the student created an
extrusion off the back that covers the whole backside of the object, with the holes going
through it. This would be incorrect. The geometrical information presented is key to
proper creation of this part.
Triangulation is unable to be used in determination of complexity due to the
curved faces of model 1 and 2. Model 3 has no curved surfaces except inside of the holes.
Since all three models have curved surfaces, triangulation is no longer a candidate in
determining complexity due to the way curved surfaces can be triangulated with
potentially infinitely many triangles. This then leaves the discussion of perceptual
complexity and geometrical complexity as the sole influence on model complexity.
The modeling task was designed to increase in difficulty as the student progresses
from model to model. The results that it takes more time to finish model two than one,
and more time to finish model three than two in the pilot study help reinforce that this is
true. In a CAD system, the more features and dimensions that are required for a model to
be fully defined make that model more complex in terms of the time it will take to
employ the tools to solve that geometrical problem. It is expected that students in the
modeling task will solve the first model the fastest and the third model the slowest.
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Analysis
An important note is that more than 100 students will be taking the modeling task,
a population of about 400 students will be administered the test. If any student’s work is
deemed unusable or incomplete, it will be omitted..
Data will be collected in the following method:
1. The Mental Cutting Test will be administered to CGT 163 students in their lab
period.
2. The Mental Cutting Test will be collected and the Modeling Task will be
administered.
3. Students will complete and fill out the modeling task in a regular lab setting and
during the time period they are allotted for assignment completion.
4. Upon completion, they will submit as normal to Blackboard, the models will be
retrieved once all students in the lab have submitted all assignments.
5. When the modeling task has been completed and collected, data analysis will
begin.
Data will be analyzed in the following method:
1. All names will be replaced with a participant number.
2. The MCT scores will be compiled together with individual completion times of
the models inside of an excel spreadsheet.
3. The submitted models will be interrogated using the method specified in the
“Defining Steps in CATIA” section to establish steps taken for each model.
4. The steps taken will be added to the excel file for each individual participant
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5. The data will then be uploaded into RStudio to be cleaned and prepped for the
Pearson correlation.
6. The data will be evaluated using a Pearson correlation to determine if
relationships exist between variables.
7. The results will be recorded in the following chapters. The results will be
compared to the hypothesis and a final decision on whether to reject or accept the
null hypothesis will be reached.
8. Findings will be discussed and supported with more literature.
9. Finally, improvements to be made on the study and future research to be done will
be denoted.
10. The data will be archived and stored for later examination. The models will only
be kept for the extent of the thesis and then deleted. All other data will be stored.

Prior to the start of the Modeling Task, the students will have time to familiarize
themselves with the environment they will be working in and customize it to their liking
before beginning. The environment for the Modeling Task will be CATIA V5R21 or a
similar version. The familiarization period is to allow the students to know where the
tools they will be using are at before they get into the modeling task and are being timed.
Excel will be used to put the data into a format that can generate distributions and
visualizations. As stated by the alternative hypothesis A, it is expected to see a decrease
in the amount of time taken to model as MCT scores go up. If this is not true, then the
null hypothesis will be accepted.
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“The ability to infer relations and spot patterns on problems that draw on minimal
prior knowledge and expertise plays a role—in varying degrees—across virtually all
areas of human intellectual functioning.” (Kaufman, 2014). Kaufman makes a great
point: our ability to solve problems with limited information or prior experience plays a
role in many areas of human intelligence. The participants in the study will most likely
have never seen the MCT before and must adapt. The modeling portion allows them to
take as much time as they need to finish it, though they are encouraged to emphasize
speed as much as possible without sacrificing accuracy.
Trustworthiness
The data collected in this research will be taken directly as reported. Students will
have their MCT collected as soon as they finish it, no scores will be shared with them or
the class. No additional information outside of the MCT, time taken and steps will affect
the interpretation of the data. Student names and emails will be exempted from the
produced data; any identification will be replaced with a participant number.
Researcher Bias
It should be noted that the researcher in this study is a Computer Graphics
Technology graduate from the College of Technology at Purdue with a specialization in
Virtual Product Integration. The researcher has been involved in 3D modeling processes
and environments for over seven years.
Chapter Summary
This chapter has introduced the type of research that will be done and the
methodology of the study to be performed. The study will be targeting college students at
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Purdue University enrolled in CAD modeling courses or part of a degree that teaches 3D
modeling, specifically looking at students who are a part of or who have passed CGT
163. At the end of the study, all information will be analyzed. Any threats to the validity
of this study were given in the above chapter, and the results of the study will be
explained in Chapter 4.
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CHAPTER 4: RESULTS

The original outlook for this study called for 100 participants from the CGT 163
class at Purdue University, with the extra participants’ information and results being
stored in case one or more of the 100 original participants’ results were invalidated by a
number of issues. The study that was originally meant for around 300 students got into
the hands of more than 400, so an increase to the population being used was considered
while data was being collected. The final result was more than 300 students participating
in the study, 236 of which were included in the study while the remaining population
was invalidated or pulled their consent.
This section will focus on providing the results of the study, showing
relationships between variables and ultimately decide whether to accept or reject the null
hypothesis. Before getting into the heat of it, however, it is important to get a feel for
what the population of this study looked like and observe the averages across the entire
population. The first graphic to pay attention to is on the next page, FIGURE 7 shows
the spread of the population based on their year in school. Being that the class utilized is
a 100-level course, it was assumed that there would be a larger amount of Freshmen and
Sophomores over Juniors and Seniors. It was still surprising, however, to see that the
primary source of data came from Sophomores rather than Freshmen.
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Figure 7: Count of year in school
The next question answered by students kicked back a response that was assumed
to be true of younger students in a college modeling setting. FIGURE 8 shows the
distribution of modeling experience across the population, with most of the students that
participated having less than one year of experience, this class and others taken alongside
it perhaps being their only exposure to the 3D modeling environment. One assumption of
this research was that the students, because they’re in a modeling course, would be
familiar with the act of 3D modeling by the time they participated in this research. At
week ten the study was administered, and almost the entire population was able to
complete the modeling task within their designated lab allotment (excluding those few
students that were sick, didn’t finish the models, or chose not to participate).
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Figure 8: Count of modeling experience
Before the modeling task was even administered, the students were asked to
complete the MCT. The MCT was administered during the first twenty minutes of their
respective lab periods. During this time, the students were instructed to stay in their seats,
answer all questions to the best of their ability and when finished, to check their scores
until the full twenty minutes was up. The average score of the entire population came out
to 15.37. One important thing to note about the study at this point is that those students
who were not present in class to take the MCT were removed from the study, even if they
had signed a consent form to participate. While this didn’t significantly reduce the
population of the study, it did invalidate those students who showed up to class after the
MCT had been administered or who skipped class altogether.
The average amount of time taken to finish the modeling task was 70.34 minutes,
or an hour and 10 minutes. The total average unique steps employed in model creation
across all three models was 10.79. This means that, out of all of the steps employed to
create the three models, only ten different commands were used on average. As a
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refresher, commands that are not repeated are considered unique. For example, consider
FIGURES 9 and 10. In FIGURE 9 it can be seen that the second model from the
modeling task was created by one participant in two steps. Looking at FIGURE 10, the
same figure modeled by a different participant is created in thirteen steps. First, note the
difference in the amount of steps for each model.

Figure 9: Example CATIA Model (2 steps) (Participant #7, MCT Score: 10)
The number of steps it took for participant #7 to make the second model in the
modeling task was two, which is less when compared to how many steps it took
participant #1. They both reached the same result, but participant #1 chose to create
planes that represent the height of the extrusions (pad commands) they utilized to create
the model. The first participant used a completely different approach, combining what
would have typically been either two separate extrusions, or an extrusion and a cut into a
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single multipad command. This allowed them to set separate heights for the extrusions
while making two separate extrusions in the same command. One thing to note, however,
is the difference in how they’re made. Looking at FIGURE 9, a thin line can be seen in
the middle of the product, going from the bottom all the way to the top, making it appear
that the left half (the shorter part of the model) was simply pushed against the right half
(the taller part of the model). However, in FIGURE 10, that line does not exist, at the
entire product was extruded as one piece and then cut from the top to create the
difference in depth seen. Both parts are considered complete and valid, but the process
that went into making them was completely different.

Figure 10: Example CATIA Model (13 steps) (Participant #1, MCT Score: 16)
Participant #1 took a lot more steps to create their model. The average amount of
steps taken to complete the modeling task was calculated out at 28.48 steps. The next
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section in this chapter will reveal the Pearson Correlation outcome as it relates to the
variables in question in the hypotheses.
Pearson Results
In this section every image will be discussed in terms of the hypotheses to decide
if the results support the null or alternative hypothesis for A, B and C. The first image,
presented in FIGURE 11 shows the comparison of the MCT vs the average modeling
task time.

Figure 11: Pearson Correlation of MCT Scores vs Average Modeling Task Time
The above image look at hypothesis A, which once again had a null value that as
MCT scores increase, the time to complete the modeling task will not decrease,
essentially stating that nothing will happen. In FIGURE 11, note the regression line that
is moving in a negative fashion from left to right. The correlational sample output for this
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plot is -0.2493523, which suggests that a negative relationship exists between the two
variables. One key value to take into account here is the p-value, defined as 1.081e-04,
which means that the true p-value is 0.0001081. Since the test was run under a 95%
confidence interval, the p-value needed to be less than 0.05. With a p-value so low, it can
be stated that with at least 95% confidence the null hypothesis can be rejected. The
Pearson Correlation is read on a scale of 1 to -1. If the value were zero, that means that
there is no correlation between the two variables. If it were 1, then there would be a
completely positive relationship. Since the sample correlation came out to be -0.2493523,
a moderately negative relationship exists, supporting the alternative hypothesis for A.
The next image, FIGURE 12, shows the results for consideration of hypothesis
B.

Figure 12: Pearson Correlation of MCT Score vs Average Unique Steps
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Recall that hypothesis B is in observance of the relationship (or lack thereof) between the
number of unique steps taken to finish the modeling task and the scores of the MCT.
Specifically, the hypothesis looks to observe a negative relationship between the amount
of unique steps taken against the MCT. If the number of unique steps increase, will the
scores received on the MCT go down? Likewise, if MCT scores increase, will the number
of unique steps utilized decrease? FIGURE 12 shows a regression line that is slightly
negative, meaning that from first glance it can be seen that a slightly negative relationship
might exist. Looking at the data readout, however, shows a lack of statistical significance
in this finding with a p-value of 0.2718. Without a p-value of less than 0.05, a claim of
statistical significance cannot be made. This means that the sample correlation value of
-0.08942137 cannot be claimed to be an accurate predictor of true correlation. There is an
18.5% chance to see the test statistic of t = -1.3286 in repeat experiments with the same
population, method, etc. This means that, associated with the p-value, statistical
significance cannot be claimed for this data set. Without a p-value lower than 0.05, with
95% confidence the null hypothesis cannot be rejected. Therefore, a correlational
relationship is assumed to not exist for these variables. The amount of unique steps on
average vs the MCT score, while having a negative regression and a negative sample
correlation, cannot be assumed to have a true correlation that is negative or statistically
significantly less than zero. Therefore, the alternative hypothesis that a relationship does
exist cannot be accepted. As of now, one hypothesis (A) has had the null hypothesis
rejected in favor of a relationship existing between variables. Hypothesis B was unable to
reject the null as the p-value was so high that statistical significance could not be claimed.
The next imagewill discuss the third and final hypothesis.
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Figure 13: Pearson Correlation of MCT Score vs Average Steps Taken
The amount of steps taken to complete the modeling task varied widely from
student to student, however, a general negative trend is able to be seen in the regression
line of the data when plotted in FIGURE 13. The Pearson Correlation statistical readout
shows some very convincing data in favor of a negative relationship. The first item to
look at is the p-value of the data. A p-value of 0.004487 is significantly smaller than the
necessary p-value of 0.05 to have statistically significant data. With a p-value so low, it
can be stated that with at least 95% confidence the null hypothesis can be rejected.
Referring back to FIGURE 13, the slight downward trend that can be seen as MCT
scores go up is now reinforced in the plot of MCT scores vs the average steps taken. The
sample correlation value that is given is -0.1628562, meaning that since the value is not
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zero, it can be stated that a correlation does exist between the two variables. Since the
results are statistically significant, the conclusion that the true correlation will be
statistically significantly less than zero can be reached. The downward trend seen in the
regression line helps to show this negative relationship. Having achieved statistical
significance, the null hypothesis can be rejected in favor that a correlation does exist
between the variables of MCT scores and average steps taken to complete the modeling
task. This means that as MCT scores increase, the number of steps taken on average to
complete the modeling task goes down.
These three images taken from the data set show the overall results of the
hypotheses that were the basis for this experiment. Hypotheses A and C have had the null
rejected in favor of the alternative, while hypothesis B was found to not be statistically
significant. The next section will discuss the overall findings more broadly and will make
references to individual relationships of variables against the MCT score.
Extended Results
This section is intended to reinforce the results found in the previous results
section. By looking at the correlational relationship between each variable, a better
understanding of if the results are truly significant can be formed. The three tables,
TABLES 2, 3 and 4, list the individual correlation values and p-values of the variables
associated with models 1, 2 and 3.

59
Table 2: MCT vs Individual Model Time Pearson Correlation
MCT vs. Time – Hypothesis A
Correlation Value
p-value
Model 1

-0.1869018

0.003959

Model 2

-0.2790497

0.00001356

Model 3

-0.1983271

0.002206

Table 3: MCT vs Individual Unique Steps Pearson Correlation
MCT vs. Unique Steps – Hypothesis B
Correlation Value
p-value
Model 1

0.0004295841

0.9948

Model 2

-0.1213495

0.06328

Model 3

-0.1660004

0.01064

Table 4: MCT vs Individual Steps Pearson Correlation
MCT vs. Steps – Hypothesis C
Correlation Value
p-value
Model 1

-0.08291384

0.2044

Model 2

-0.08351854

0.2021

Model 3

-0.1496532

0.02146

Looking at the p-value of the individual variable relationships can give a better look at
why the averages came out to where they were. For Hypothesis A in TABLE 2, the pvalues all came out well below 0.05. The correlational values were also all negative. In
FIGURES 14, 15 and 16, the scatterplots and regression lines of each relationship are
shown. Each graph represents a downward trend, which agrees with their correlational
value, reinforced by their extremely statistically significant p-values.
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Figure 14: MCT Score Vs. Time Taken for Model 1

Figure 15: MCT Score Vs. Time Taken for Model 2
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Figure 16: MCT Score Vs. Time Taken for Model 3
Similarly, FIGURES 17, 18 and 19 show the relationship between the MCT and
the amount of unique steps taken for each individual model. All three models were not
statistically significant, so there cannot be any conclusions or even assumptions made
about their correlational relationship. The assumed reason why this relationship is so
insignificant will be discussed further in the next chapter.
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Figure 17: MCT Score Vs. Unique Steps Model 1

Figure 18: MCT Score Vs. Unique Steps Model 2
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Figure 19: MCT Score Vs. Unique Steps Model 3
Finally, the amount of steps taken to finish each model found no correlation to
MCT scores on the first two models, however the third and most complex model showed
a statistically significant relationship between them. The p-values of models 1 and 2 were
such that no assumptions about the correlation between the two variables can be made.
However, the third model without a doubt has shown that there is a relationship that
exists. This is discussed further in the next chapter. FIGURES 20, 21 and 22 show the
plots of the individual amounts of steps taken vs. the MCT score. Although models 1 and
2 were not statistically significant, model 3 shows a negative correlation between the two
variables.
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Figure 20: MCT Score Vs. Steps Model 1

Figure 21: MCT Score Vs. Steps Model 1
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Figure 22: MCT Score Vs. Steps Model 1

Other Studies
When considering the results of this study, it is important to consider how the
MCT has been used previously to gather data. Tsutsumi (2005) explains the main
application of the MCT perfectly: “The MCT is sometimes used as a one-time test in
order to give screening for the spatial ability of the students before starting graphics
curricula. But usually, the MCT is performed twice to the same student at the beginning
and the end of the course, as pre- and post-course test. In this case MCT is used to
evaluate the course effect in relation to the enhancement of spatial abilities”.
In this study, the MCT was only administered once as a one-time test to screen for
the spatial ability of the students before having them take the modeling task. This then
generated a metric for use of comparison against the variables collected in the study.
Tsutsumi, after doing pre and post-tests on students in Descriptive Geometry courses,
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concluded that there were statistically significant differences in score observed between
different experience groups. Specifically, experienced groups had higher scores than nonexperienced groups. Another key result was that through Descriptive Geometry courses,
it was suggested that not only was intuitive spatial ability improved but also logical
thinking ability.
Suzuki (2000; 2002) performed a study with 53 different groups that evaluated
differences between four different classes, one of those classes being a Descriptive
Geometry course. The results found that spatial ability, as evaluated by the MCT,
improved the most through these descriptive geometry courses. Suzuki also points out
that taking courses that teach about geometry or hand-drawings plays an important role in
the improvement of spatial ability.
Tsutsumi (2004) administered two versions of the MCT, a drawing MCT and a
standard MCT. The drawing MCT had students draw the intersections that would result
from the cutting plane whereas the traditional MCT gives them a series of images to
choose from. She found that the score of the drawing MCT was, on average, lower than
the standard MCT. She also suggests that the ability to draw intersections on the solid
was related to the MCT. However, referring back to the discussion mentioned in the
literature review with Biederman (1987), perceptual understanding of an object can be
limited by occlusion or lack of components to identify the final product. Tsutsumi (2004)
concluded that subjects may not have been able to draw intersecting lines on the object in
3D space through projection drawings because they couldn’t correctly envision that 3D
space.
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Branoff and Carolina (2013) administered the PSVT:R and the MCT before
having their subjects complete a modeling task that asked them to create as many parts (7
maximum) of the assembly given that they could during a 110 minute class period. They
were seeking to understand if a relationship exists between reading engineering drawings
and spatial visualization ability. What they found was that students who scored higher on
the PSVT:R and the MCT tended to score higher on the modeling task presented. Spatial
ability was assumed to have played a key role in how well the subjects were able to
visualize the geometry of the individual parts. The MCT was found to have a stronger
relationship to the modeling task than the PSVT:R. This was assumed to be because the
MCT, defined above in the literature review and methodology, requires students to
imagine the cross-section of parts when a cutting plane is given to them. This process
mimics or is similar to the process the students would use when modeling parts.
In Branoff and Carolina’s 2014 paper, they discuss how the PSVT:R and MCT
were administered to students and then they were asked to complete three different
modeling tasks. Unlike this study, their modeling tasks differed in three ways. Their first
modeling task had students model a part when given the object in context of an assembly,
their second task had students model a part when given an isometric picture of the
objects, and their third task had students model a part when given a detailed drawing.
Students participating in this thesis only modeled parts from an isometric picture. Branoff
and Carolina (2014) found, similar to previous studies, that students who scored higher
on the PSVT:R and the MCT did better on the modeling activities. The MCT once again
had a higher correlational value with the modeling tasks than the PSVT:R. Although it
was apparent that other factors than spatial visualization were involved in students’
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abilities to create parts from detailed, assembly and pictorial drawing, spatial
visualization does appear to play a key role.
In this study, the MCT was used as a measure of spatial ability, specifically
spatial relations and spatial visualizations. Previous research has used the MCT as a
metric to determine how effective a course or courses were in teaching the desired
information. Past research has also utilized the MCT to gather spatial ability in terms of a
modeling task in order to gauge whether it was an effective measure of the subject’s
ability to complete a modeling task. Similar to this study, this past research has utilized
the MCT as a measure by which to determine an outcome. The discussion chapter of this
thesis will discuss the same studies in terms of this thesis, and also some new studies and
how their results relate to the findings in this study.
Summary
In this chapter, the results of the study performed were presented and discussed.
236 students participated in a two-part study that required them to take the MCT and
finish a three-part modeling task with three separate models. The results of this study
showed a negative correlation between MCT scores and two of the three variables,
namely the average time taken to complete the modeling task and the average amount of
steps taken to complete the modeling task. Other research supports the findings of this
study, having found correlations similar to these results before and exploring how spatial
ability can be increased through targeted courses and specific curriculum These are
discussed again in the next chapter. The only variable core to this study to not achieve
statistical significance is the average amount of unique steps taken to complete the model.
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The next section will further discuss the findings more openly and relate the findings to
other studies that utilized the MCT in a more relaxed tone.
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CHAPTER 5: DISCUSSION

This study had a population of more than 300 students, 236 of which were
included in the study as participants. The data gathered from the Mental Cutting Test
paired with the data gathered from the Modeling Task allowed for the rejection of two
null hypotheses (A and C) while hypothesis B was unable to be rejected due to lack of
statistical significance.
Hypothesis B, concerning MCT scores vs. unique steps, and models 1 and 2 from
the modeling task are related by model complexity. Overall, it took more time for
students to complete the third model than it did for them to complete the first or second
model. The average time to complete the modeling task for all participants was 23.45
minutes. The average time to complete model 1 was 10.95 minutes, model 2 being 16.99
minutes and model 3 being 42.39 minutes. More time taken to solve a model can be
assumed to mean that the model was more complex. Whether this means that there was
simply more to do with the model, or the model was harder to interpret is up to the
individual.
The amount of unique steps taken are related to not only the knowledge of the
student but also the model that is being created. The majority of students in this study had
less than one year of modeling experience, meaning that this class may have been their
first encounter with 3D modeling software. The amount of unique steps that they are able
to employ is heavily constrained by their knowledge of the CAD system and their
understanding of the tools available that can be used to further their end-goal. This is also
true of hypothesis C, the amount of steps employed to finish a model will be entirely
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dependent on the student’s knowledge of how to use the tools presented to them.
Hypothesis B was inconclusive because the amount of unique steps employed between
models, on average, was about the same. This is also true of models 1 and 2 of hypothesis
C.

Figure 23: Side-by-Side Boxplots of MCT Score vs. Modeling Experience

FIGURE 23 shows a side-by-side boxplot of MCT scores against modeling
experience. A trend can be seen that as modeling experience goes up, so too does their
average MCT score. A one-way ANOVA was run to find the variance between these
categorical variables. The F-value of that ANOVA came out to 5.8075 with a p-value of
0.0001804. There is clearly a difference between the categorical means, and it is
statistically significant. This means that as experience goes up we can assume that so
does their MCT score. Future studies may look at how individual groups (less than one
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year versus more than four years) compare to one another on a larger scale. This would
require many more responses for each variable, however, instead of the majority being in
less than one year.
Table 5: Years of Experience and Total Averages
Experience Levels
Average Time
Average Unique Average Steps
Taken (minutes) Steps
78.09
10.99
30.28
Less Than One Year
One to Two Years

66.49

10.71

26.80

Two to Three Years

59.00

10.43

25.43

Three to Four Years

61.93

10.57

27.36

Four or More Years

45.63

9.69

21.44

TABLE 5 shows the average amount of time, unique steps taken and steps taken
to finish the modeling task for this study. We can see that students with “less than one
year” of experience take more time, more unique steps and more steps in total to finish
the modeling task than students with “four or more years”. The general trend seems to be
that the amount of time, unique steps and steps taken to finish the modeling task goes
down. However, it can be seen that from the “two to three years” category to the “three to
four years” category there is a jump back up in time, unique steps and steps. This then
decreases by a healthy margin for each category. When students were answering the
demographic question, due to the ambiguity of the scale (having to decide if the subject’s
experience is one year or two, two or three, etc.), there may have been inaccurate
responses causing students to report the wrong year of experience. When filling out the
demographic portion, students were free to ask questions if confused, and all questions
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were addressed, but this may not have prevented inaccurate responses, perhaps leading to
the increase from 2-3 to 3-4 years in all three categories.
The major findings in this study, according to the data gathered and the
experiment ran, are that a correlational relationship exists between the MCT scores of
students and their ability to model in a 3D modeling environment (specifically CATIA).
Specifically, as the students’ MCT scores go up, their time taken to complete the
modeling task goes down, and the number of steps taken to complete the modeling task
goes down. The amount of unique steps taken to complete the modeling task, specifically
the average amount taken to complete the entire thing, did not show any correlation based
on the data gathered. The data was not statistically significant and therefore the null
hypothesis that no relationship exists could not be rejected.
Németh (2007) performed a study on the improvement of spatial ability of
students based on course learning over the course of two college semesters. The results
gathered from the study performed by Németh show that students were able to improve
their MCT scores simply by taking classes in descriptive geometry. Students were able to
improve their MCT scores by participating in these classes and taking the MCT twice,
once at the beginning of the first semester and a second time at the end of the second
semester. For the study performed in this thesis, students were tested at the ten-week
mark of what is considered to be the introductory class to 3D modeling for Engineering
students at Purdue University. The students were tested once, but the results showed the
rejection of two out of three null hypotheses, meaning that if the scores of the students
were, on the average, higher than the results taken by this study, then the times taken to
make the modeling task and the amount of total steps used to complete the modeling task
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would go down. Spatial ability levels (measured by the MCT, refer to the “Defining the
MCT” section) are different for every student. The higher their score, the easier it is for
them to create mental images of objects from the two-dimensional views. Understanding
of spatial relations is considered to go up as scores on the MCT rise as well. Students
with MCT scores on the higher-end of the spectrum were able to, on average, complete
the modeling task faster and with less steps overall than those students with lower scores.
It would be interesting to test the students twice, once at the beginning of the semester
and once at the end, challenging them with the MCT to see if their score on the MCT
would rise significantly after the introductory course has concluded.
The important factor to note is that Németh’s test was used to test whether their
MCT scores increased as a factor of the coursework provided, the test performed in this
paper tested their abilities to perform work similar to their coursework AGAINST their
MCT scores. Tsutsumi (2005) performed a similar test as Németh did, checking to see if
progress in specific classes would enhance the score the students received on the MCT.
She found that students engaging in Descriptive Geometry courses had their MCT scores
improve significantly. Students engaging in Mechanical Drawing courses however, did
not have their MCT scores increase. Students in Engineering Graphics courses had their
MCT scores for the post-test increase, however, those students that participated in the
traditional pencil-paper course had their scores increase more than the students that
engaged in the education of solid modeling. The students engaging in CGT 163 at Purdue
University are taught via CATIA how to do solid modeling while also engaging in heavy
amounts of pencil-paper drawings in lecture and lab, meaning they receive the benefit of
both working with software and intepreting the 2-D view of an object. A limitation of this
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study was that the MCT was only administered once, to gather data in relation to the
students’ abilities to finish a modeling task. Had the study been looking for
IMPROVEMENT in the modeling task, the MCT would have been administered prior to
the start of the semester and once the semester had concluded. Just as the students in
Németh (2007) and Tsutsumi (2005) were able to score higher on the MCT after
education in spatial ability, students with higher spatial ability (MCT scores) were able to
perform better on the modeling task in two out of three factors.
Connolly, Harris, and Sadowski, (2009) had 92 students enrolled in CGT and
Industrial Design (ID) degrees at Purdue University participate in a series of tests,
specifically a battery of tests containing problems from the PSVT-R, the MCT and the
Modified Lappan. The students took this battery of tests before engaging in what were
called the EnViSIONS modules, a series of four sessions of specific spatial visualization
training integrated into the CGT 116 curriculum. The treatment group was provided with
extra educational resources and an interactive CD along with access to the VIZ web site,
while all groups were exposed to the lectures and demonstrations. The results of this
study showed that, utilizing a paired samples t-test, all participants had a statistically
significant increase in scores on the PSVT-R, the MCT and the Modified Lappan. The
second group containing the treatment students had statistical significance on the MCT
and Modified Lappan, but not the PSVT-R. while the third group showed statistical
significance for the PSVT-R and the MCT. The conclusion came out to be that, while
statistically significant increases were seen in multiple groups, the treatment didn’t seem
to be more effective than no treatment, as all groups showed improvement in at least two
of the three tests. The CGT 163 curriculum is designed to teach about descriptive
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geometry, both solid modeling and hand-drawing. As noted by Németh (2007), Suzuki
(2000; 2002) and Tsutsumi (2005), descriptive geometry courses were shown to increase
the score received on the MCT. It would be interesting to see how the spread of scores
compare at the beginning of the class compared to the end, and then the students’
capabilities to solve a modeling task at that time. Would their ability to solve the
modeling task go up? Down? Would there be any change? It would be interesting to
repeat the experiment done by Connolly, Harris, and Sadowski, (2009) with this study to
measure this.
Branoff and Carolina (2014), in their study, found that students who scored higher
on the PSVT-R and the MCT tended to score higher on the modeling activities they had
the participants engage in. The study observed students as they engaged in the modeling
of many parts (similar to the study in this thesis) and scored the students based on a
rubric for each model. Specifically, they were looking to see if the MCT was a better
predictor of modeling ability than the PSVT-R, and if a relationship existed between the
ability of the participant to model a part and their spatial visualization ability. This study
served as a direct inspiration to the creation of this thesis. The MCT had a decidedly
higher correlation value with the modeling activities than the PSVT-R, and a significant
correlation between the participants’ scores on the modeling activites and the two spatial
visualization tests was observed. Similarly, Branoff and Carolina (2013) sought to
understand if the student’s ability to interpret and model information from an assembly
drawing could be related to their spatial visualization ability. The results indicated that
there was a stronger relationship between the modeling test provided and the MCT than
the modeling test and the PSVT-R. They suggest that the MCT may be a better predictor
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of success in the modeling of 3D solids than the PSVT-R. In the study performed for this
thesis, as stated previously, students with higher MCTs did better in two out of three
categories compared to students with lower MCT scores. Drawing inspiration from the
many studies listed above, this study looked to see if there was a correlation between
students’ scores and their ability to solve problems dealing with spatial ability. The
ability for the students to complete the modeling task provided was correlated, based on
time and steps taken, to their score on the MCT negatively.
Alternatively, the results observed in this study and the relationships found could
be coincidental based on the results of the MCT. The tests were administered to each
student individually within their lab period to ensure the integrity of their examinations.
Students, when not able to find the correct answer themselves, tend to guess. The results
show a negative correlation between two variables, one being inconclusive, but the
overall findings may be observed in a grand scale rather than from point-to-point. As
MCT scores go up, time to complete the modeling task and steps taken go down, this
means that students with a higher spatial visualization ability were able to complete the
modeling task faster and with fewer steps. The implications of this, which fall in line with
studies mentioned previously, are that if students were to be exposed to classes or
training that builds on their spatial ability, their ability to quickly make and understand
relationships between objects or 2-D and 3-D representations would go up, making them
more effective in the classroom and testing environments.
The results of this thesis fall in line with research done in the area of spatial
visualization ability, spatial ability and studies of improvement of spatial recognition
based on course training. The MCT was shown to have a correlation with the ability of
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the students to effectively complete the modeling task. The fact that a negative
relationship existed for two of the three variables means that, given the data gathered
here, there seems to be a link between a students’ spatial ability (those abilities measured
by the MCT) and their ability to complete modeling tasks. Their spatial visualization
ability appears to play a large role in how well the students were able to visualize the
geometry of the parts.
Table 6: Average scores on MCT based on prior modeling experience
Years of Modeling Experience

Average Score on MCT

Less than one year

14.35

One to two years

14.58

Two to three years

15.07

Three to four years

17.29

More than four years

17.75

Looking at TABLE 6 it can be seen that as experience in modeling goes up, so
does the average MCT score. Out of the 236 students that participated, the trend shows a
positive relationship between experience and score on MCT, the score on the MCT
having a negative correlation to two of the variables in question for this study. Gathering
this data for evaluation was influenced by the previous work of Kelly Jr., Branoff, and
Clark, (2012), where they asked the research question of “Do students with prior graphics
training/experience have better spatial abilities (as measured by higher spatial test scores)
than novice students (students without prior training or experience)?”
Studies above have shown that by gaining experience in different areas of
knowledge such as solid modeling, mechanical drawing, descriptive geometry and
subjects related to engineering graphics, that improvement in MCT scores (and thereby
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the related abilities) can be made. The study done by Connolly, Harris, and Sadowski,
(2009) reached the conclusion that while improvement was made between all three of
their groups, it didn’t matter if they were part of the treatment group or not. All students
in the course were exposed to a specific amount of training in 3D spatial visualization,
and all students showed improvement, some statistically significantly more than others
based on the test. This means that, while having a highly specific curriculum to train
students in the area of spatial ability would potentially have a great impact on their
understanding, extra treatments and resources may not make much of a difference to
general spatial visualization growth. The important thing to note is that improvement in
spatial visualization happened as a result of specific training in those abilities. Their
results observe an increase in scores on the three tests administered as a result of
experience gained by the students. Kelly Jr., Branoff, and Clark, (2012) found similar
results, showing that experienced learners had higher spatial ability scores on the MCT,
MRT and PSVT-VR than novice learners. Similarly, the study performed in this thesis
noted that students with higher MCT scores had better overall ability to solve the
modeling task than those with lower MCT scores.
TABLE 6 shows an interesting growth of MCT scores as years of experience go
up. While the trend is positive overall, the jump from “two to three years” to “three to
four years” is a substantial 2.22 increase on the average MCT score. In the field of CAD,
experience matters. Especially when entering into industry for the first time, as a lot of
the students who take classes focused in CAD will be doing through internships, jobs or
co-ops. Previous studies have shown that improvement in spatial ability and spatial
visualizations can happen through coursework, training, and specific testing. Other
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studies have correlated (including this one) spatial ability to be linked to a students’
ability to perform well on tasks that focus on geometry, 2D and 3D, specifically the
creation of 3D geometry either utilizing a 2D readout or having to visualize that 2D plane
to start on. If work were done to determine the effectiveness of specific courses and
coursework, and those courses shown to have the greatest improvement in student scores
overall were optimized and used a baseline for the training of spatial ability and
visualizations, then perhaps the optimization of understanding provided by the courses
could be reached simply by changing up the standard curriculum.
This study was limited by a few factors:
Time: The students that participated in this study were taking a 100 level course in
modeling at Purdue University, so the study waited until week 10 (when the students
were more than halfway through the course) to run the experiment and gauge MCT
scores and modeling task scores. If this experiment had been elongated over two
semesters, a better understanding of the change in MCT could then be evaluated along
with improvement on the modeling task, perhaps confirming the results found in this
study or providing statistical significance to other factors.
Population: With a population pool of more than 300, this study was able to acquire 236
participants who consented to allow their data to be used. If the population were larger,
more students would be able to participate and the results would perhaps be more
significant, or even provide perspective over multiple courses rather than just CGT 163
students.
Resources: Since the MCT was needed to be distributed to a large population, along with
signed consent forms, the material had to be printed in order to be distributed. If the
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population had been any larger, the out-of-pocket cost would have been too extreme for
the purposes of this study. Any repeats of this experiment on a larger scale should be
wary of cost of materials for such an instance.
Future Research
Future research could focus on doing a dual-administration of the MCT, pre-and
post-tests to determine change in MCT score while still collecting valuable data that may
have correlational value. Another avenue of approach could be repeating the study at
other institutions or universities. This would allow for more diverse data collection and
comparison among students in similar classes. From previous studies we have already
seen that students who perform better on the MCT tend to perform better on modeling
tasks presented to them.
Utilizing a more qualitative approach to determine how students choose to model
parts or assemblies and why would help to understand how the decision-making process
of creating a model is executed. It has been seen that students with more experience
generally perform better on the modeling tasks presented than those with less experience.
The same is true of MCT score, those with a higher MCT score performed more
efficiently (less time, unique steps and steps) when completing the modeling task.
Repeating this study at a lower schooling level, such as high school or middle
school. Modeling courses, engineering design courses, CAD and other such learning
materials are being utilized at earlier and earlier phases of the curriculum. Understanding
if a similar spread (the findings in this study) happens with younger students could
potentially pave way for studies on classroom optimization.
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While spatial visualization ability and spatial relations are measured by the MCT,
there are other facets of spatial ability that may go into the solving of a modeling task.
While spatial relations/visualization ability are determined to be key components of this,
they are not the only variables in the equation. Future work should focus on
understanding what influences the creation of models via a model task, looking at the
other facets of spatial ability to define the parameters of a test.
The complexity of the models was discussed in the literature review, methodology
and results, however future work to determine if model complexity has an effect on the
outcome of similar tests when correlated to their MCT score could potentially help find
where the increase in complexity causes the most jump in variables. For example, the
third model in this modeling task was the most complex, whereas the first two models
varied in complexity to a lesser degree. The amount of unique steps and also the amount
of steps taken to solve models one and two were not statistically significant in terms of
the hypotheses, perhaps because the models weren’t complex enough to cause a
statistically significant response? Students are limited by what they know, the tools they
have at their disposal and their knowledge of those tools to solve problems. Perhaps
students with more experience working on more complex models will find better results
between models of different complexity.
Finally, this test was performed on students and sought the differences between
three different models that varied in complexity. The students were asked to solve the
modeling tasks using CATIA V5r6 and to solve them as quickly as possible without
error, but that there was no time limit on the amount of time they could spend on each
model. Practicing engineers would have a better knowledge of the software and tools
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available to them, so performing this same test on practicing professionals would provide
different results (one would think). Practicing professionals may solve the modeling tasks
in different ways, faster (or maybe slower) and possibly with even fewer steps but more
unique steps. As discussed before, a thought as to why unique steps was so insignificant
in terms of the data was because of the knowledge the students have of the software and
their tools. Practicing professionals would have a better understanding of their
environment and have developed their own preferences in modeling, so it would be
assumed that their amount of unique steps would go up as they employ new and unique
tools, perhaps even tools specific to that company.
Summary
This chapter was used to discuss the data from the study as well as data from
other studies in a more general tone. It was concluded that students with higher MCT
scores generally perform better on the modeling task with shorter times to completion,
less unique steps and less steps overall. The average amount of time/unique steps/steps
taken for each of the five experience categories was detailed and a general trend that
showed as experience goes up, so too does their ability to perform well emerged. Other
studies showed that if students engage in classes utilizing Descriptive Geometry that their
ability to perform well on the MCT and other such tests is heightened. Along with this,
some studies found that a heightened MCT score correlated to a better performance on
modeling tasks. The final section of this paper will discuss the final findings of this paper
while also relating back to the aforementioned studies and their results.

84
Conclusion
Do students with varying spatial ability levels create 3D geometry in CAD
systems differently? This was the question that began the entirety of this study. The
answer is yes, they create them very differently. However, they all reach the same result
in the end. Some take longer, some have more steps or unique steps, but overall a
negative correlation between average time taken to finish the modeling task and average
amount of steps taken was observed. Many other studies have been performed to
determine if a class is effective at raising a students’ spatial ability, spatial visualization
or spatial intelligence. The results this other research found was that yes, students can
increase their spatial ability by taking classes in specific fields. This study was tailored to
look not at the curriculum being offered, but at the process that the students chose to take.
The final result is as follows:
Students will model in a CAD system in a way that makes sense to them, which is
fair and is understandable. Regulations do not exist specifying that there is a
predetermined way to build any one piece inside of a CAD system. Many tools at the
disposal of the designer allow them to build their own way to the final product. In this
study, a negative correlation reinforcing that as students score higher on the MCT their
average time taken to finish the modeling task and average amount of steps go down was
observed. Students that scored higher were able to finish the task faster and with fewer
steps on average, which supports the idea that if students were to improve their spatial
ability, visualization and intelligence, they would do better on the MCT and modeling
tasks.
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As described in the discussion section, many different studies before this have
utilized the MCT as a form of measurement. Németh, (2007) observed that students
participating in descriptive geometry courses improved their MCT scores after the
conclusion of the coursework. Other studies also supported these findings (Suzuki, 2000;
2002; Tsutsumi, 2005). Branoff and Carolina (2013; 2014) showed that the MCT had a
stronger correlational value to the modeling test performed than the competing PSVT:R.
This supports this study’s choice to utilize the MCT. Other findings from Branoff and
Carolina (2013;2014) were that students who had scored higher on the MCT/PSVT:R
also scored higher on the modeling task. This means that spatial ability, specifically
spatial visualization ability, was found to play a key role in the success of visualizing part
geometry, therefore affecting the student’s ability to read engineering drawings.
Kelly Jr., Branoff, and Clark, (2012) found similar results in the MCT, MRT and
PSVT:VR. Their results indicate that experienced learners have higher spatial ability
scores than novice learners on the three tests used in the study. A question they ask is “at
what level of experience and type of course(s) would the experienced learners’ test scores
differ from the novice learner?” Since their test only utilized two different categories,
experienced and novice, the conclusion they reached was that more work needed to be
done with more categories. This thesis had five separate “experience” groups, ranging
from 0-1 years of experience to 4+ years. The results were similar to those found by
Kelly Jr., Branoff, and Clark (2012), with more experienced students performing better
on the modeling tasks overall (except for the hiccup between 2-3 years and 3-4 years
discussed above). Outside of the modeling task, as the years of experience recorded went
up, so did the MCT score received by those experienced learners.
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As an alternative view of this study, a qualitative approach could be taken. Rather
than calculating the amount of steps taken or time taken to finish a modeling task,
observations should be recorded of each and every individual participant. The
specification container in CATIA would need to be scrutinized to understand order of
progression through models. Students would need to be observed making these models,
including any changes they make, restarts undertaken or parts that may be erased or even
borrowed from an online library. A qualitative look at something like this would ask the
question of “why” a student models in such a way. Then, looking at how students with
low MCT model versus those with higher MCT could provide compelling evidence of
accelerated thought processes as understanding of the material goes up. Students from all
ranges of experience would need to be recruited, and other tests outside of the MCT
could be employed to help weigh in on how a student achieves the results they do.
Overall, a qualitative study similar to this would answer the question of “why do students
model different inside of CATIA?” This study answered the question of “do students
with varying spatial ability levels create 3D geometry in CAD systems differently?”, but
other research to understand why they do would benefit the field as a whole. This study
was performed in fulfillment of a Master’s Degree at Purdue University.
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APPENDIX A: PARTICIPANT CONSENT FORM

RESEARCH PARTICIPANT CONSENT FORM
A study of spatial ability and 3D Modeling Capabilities
Principal Investigator: Nathan Hartman, nhartman@purdue.edu
Computer Graphics Technology
Purdue University
What is the purpose of this study?
This study is gathering information for use on a Master’s thesis at Purdue University.
The data gathered from the two parts of the study will be used to find differences
between scores and time taken to model. The data being observed in this study is the
accuracy of responses on the Mental Cutting Test (MCT), time taken to complete the
Modeling Task and steps taken to complete each model.

What will I do if I choose to be in this study?
The MCT will be administered as part of a normal lab class. Upon completion and
submission of the MCT you will be provided with a copy of the Modeling Task,
which will have specific instructions attached to it for completion. You will fill out a
demographic section of the modeling task, asking basic questions. The Modeling
Task can be completed in phases, so long as each individual model is completely
finished in one sitting. You will be asked to time yourself on how long it takes to
model and record it on the instruction sheet. Upon completion and submission of the
Modeling Task your participation in the research will conclude. Jesse Zahner will
then, from blackboard, acquire the completed models. All names from files will be
wiped and replaced with participant numbers, assigned in the order they were
received. Your scores for the MCT and Modeling Task will be reflected in the total
data reflection as a part of the study, but your name will not be attached to any data
made public. All models will be destroyed after the study has concluded, as
embedded data inside of the models will have stored your profile name.

How long will I be in the study?
You will be asked to complete the MCT and the Modeling Task as part of regular lab
periods for class.
The MCT is a timed test that will take no longer than 30 minutes to complete, in
class.
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The Modeling Task is a three-part modeling assignment that will be completed as a
requirement for class completion. IF you consent to your data being used, I will
collect your models before the TAs grade them for my data interpretation. You will
be asked to submit your models, as well as a Microsoft Word document that has your
recorded time for each model. The Word document also contains your instructions
for completing your assignment. The entire Modeling Task should take one hour to
two hours, depending on fluency in CAD.

What are the possible risks or discomforts?
The risks to you will be no more than the minimal risks associated with 3D modeling
in a classroom environment. There are risks that exist for confidentiality to be
breached, but every attempt to maintain confidentiality will be taken as outlined in
the confidentiality disclosure section.

Are there any potential benefits?
There are no direct benefits to you as a participant for this study.
The benefits that exist to you may be the knowledge gained from participating in the
Modeling Task as it relates to course work. In addition, by participating you are
deepening your understanding of the CAD tool used and strengthening skills
associated with that software.

Will information about me and my participation be kept confidential?
The project's research records may be reviewed by departments at Purdue University
responsible for regulatory and research oversight.
The data collected from this study will be kept in a secure location at Purdue
University. You will submit your files to blackboard. The thesis owner will use
blackboard to securely download your submissions to a computer in a lab at Purdue
University’s Indiana Manufacturing Institute (IMI). This process will take place
before your models are graded for class, so the thesis owner will not have access to
any of your grades. Any physical records collected will be stored in a locked filing
drawer at the IMI and the data, for the duration of this thesis, will not be used for any
other purpose than this study. All data in this study, excluding the models collected
and any demographic data collected, may be used in future studies. The 3D models
collected will be interrogated for any information necessary and then destroyed.

What are my rights if I take part in this study?
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Your participation in this study is voluntary. You may choose not to participate or, if you
agree to participate, you can withdraw your participation at any time without penalty or
loss of benefits to which you are otherwise entitled.
Your grades and standing in class will not be in any way affected by not participating in
this study. Likewise, should you choose to participate, your grades and standing in class
will not be in any way affected.
Who can I contact if I have questions about the study?
If you have questions, comments or concerns about this research project, you can talk to
one of the researchers. Please contact Nathan Hartman at (nhartman@purdue.edu). Or
you can contact him at 1-765-412-3054.
If you have questions about your rights while taking part in the study or have concerns
about the treatment of research participants, please call the Human Research Protection
Program at (765) 4945942, email (irb@purdue.edu)or write to:
Human Research Protection Program - Purdue
University Ernest C. Young Hall, Room 1032
155 S. Grant St.,
West Lafayette, IN 47907-2114
Documentation of Informed Consent
I have had the opportunity to read this consent form and have the research study
explained. I have had the opportunity to ask questions about the research study, and my
questions have been answered. I am prepared to participate in the research study
described above. I will be offered a copy of this consent form upon request after I sign
it.
_____________________________________
Participant’s Signature

_________________________
Date

_____________________________________
Participant’s Name
_____________________________________
Researcher’s Signature

________________________
Date
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APPENDIX B: THE MODELING TASK

Research Purpose:
This study is gathering information for use on a Master’s thesis at Purdue University. The
data gathered from the two parts of the study will be used to find differences between
scores and time taken to model. The individual models submitted will be examined to
determine how many steps it took for successful completion of each modeling task. If
you wish to know more about this study, please send an email to jzahner@purdue.edu
The owner of the thesis that the information will be used for is denoted below, along with
contact information.
Thesis Owner: Jesse Zahner
jzahner@purdue.edu
Committee Chair: Dr. Nathan Hartman
nhartman@purdue.edu
Committee Member: Dr. Connolly Patrick connollp@purdue.edu
Committee Member: Dr. Darryl Schneider dws@purdue.edu
Thesis title: A Study of Spatial Ability and 3D Modeling Capabilities
Disclosure of Privacy:
In collecting the models and MCT data from you, you will be submitting your name,
scores for the mental cutting test and the models you have completed. The models you
create will be associated with tags inside of CATIA that link the model back to your
name. This will be used to ensure that the models are unique to each person. When all
models and scores have been collected, names will be cleared from all files and replaced
with a participant number. No names will be associated with the data that will be
produced in this thesis. All files and information gathered will be kept until the
conclusion of the thesis, whereupon they will be archived and stored for other researchers
to access if more tests need to be run on the data.
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Demogr phic D t
This demographic data is being collected for use in statistical measures associated with
this study. For example, if students with more years of modeling experience have higher
MCT scores, then that is a correlation that can be drawn upon in terms of the results of
the study. Please fill out the text boxes next to each question. Please type the letter of
your choice into the box.
What is your current year in school?
A)
B)
C)
D)
E)

Freshman
Sophomore
Junior
Senior
Graduate Student

How many years of modeling experience do you have?
A)
B)
C)
D)
E)

Less than one year
One-Two Years
Two-Three Years
Three-Four Years
More than 4 years

What is your ethnicity origin (or race)?
A)
B)
C)
D)
E)
F)

White
Hispanic or Latino
Black or African American
Native American or American Indian
Asian / Pacific Islander
Other

Please specify your major (spell out all acronyms):

Figure 24: Half Pin
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Modeling Task
Please complete the following exercises as quickly as you can while avoiding error.
Please time yourself for each individual section of this task; at the end, you should have
three times recorded. These tasks will utilize CATIA and ask that you create models.
After each individual task please reset your timer. Upon completing a model, save it to a
folder on your desktop using the instructions on page 1. Please create all models in
inches.
Task 1
Using CATIA, model the following in inches:

Figure 25: Half Pin
Figure 26: Stop BaseFigure 27: Half Pin
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Time Taken: ____________________________
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Task 2
Using CATIA, model the following in inches:

Figure 28: Stop Base
Figure 29: Control BackingFigure 30: Stop Base
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Time Taken: ____________________________
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Task 3
Using CATIA, model the following in inches:

Figure 31: Control Backing
Figure 32: Control Backing
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Time Taken: ____________________________

